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The demand for statistical knowledge and skills is growing in many disciplines, so more
students are enrolling in introductory statistics courses (Blair, Kirkman, & Maxwell,
2018). At the same time, institutions are seeking course delivery methods that allow
for greater flexibility for students, especially following the onset of the COVID-19
pandemic; therefore, there is more interest in the development and delivery of online
introductory statistics courses.
To address this, I collaboratively designed an online introductory statistics course
which focuses on simulation-based inference for the University of Nebraska-Lincoln.
The course design was informed by the Community of Inquiry framework (Garrison,
Anderson, & Archer, 2000). The course is delivered asynchronously and has the ca-
pacity for high enrollment. Following the development of the course, I co-taught this
course from Fall 2018 to Spring 2021 and recruited enrolled students to participate
in my study. Participants granted research access to several components of their nor-
mal coursework and completed three surveys: Survey of Attitudes Toward Statistics
(36-question version pre-test and post-test; Schau, 2003a, 2003b) and the Distance
Education and Technological Advancements Survey (Joosten & Reddy, 2015).
The primary goal of this study was to understand factors that influence student
outcomes in this course. An intervention was designed to support the community of
inquiry within the course and was implemented during Fall 2019 and Fall 2020. Using
Bayesian hierarchical models, there was no evidence of an effect of the intervention on
student outcomes. However, there were a variety of other self-reported factors that
were found to be associated with student outcomes. The secondary aim of the study
was to understand whether students’ attitudes toward statistics changed during the
term; however, descriptive statistics suggest that students’ attitudes did not change
during the term.
To address some of the limitations of this study, future research could examine
these research questions for simulation-based introductory statistics courses across
multiple institutions. This study may help create recommendations for developing
online introductory statistics courses.
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Students and educators recognize the importance of understanding statistics and be-
ing able to work with data in their personal and professional lives. Thus, there has
been an increased enrollment in introductory statistics courses (Blair et al., 2018).
At the same time, post-secondary institutions as a whole have been evolving. Institu-
tions are often seeking to provide delivery methods that allow for greater flexibility.
So, online courses and programs are growing in popularity throughout the United
States. For example, between fall 2015 and fall 2016, the number of students who
took at least one online course increased 5.6% (Seaman, Allen, & Seaman, 2018),
and this growth is likely even more pronounced since the onset of the COVID-19
pandemic. Thus, more universities are developing and delivering online versions of
their introductory statistics courses.
While many students enroll in an introductory statistics course, it may be the
only statistics course they take during their undergraduate career, so this course is
an important opportunity for educators. There are two primary reasons for this. To
begin with, students may develop more positive attitudes toward statistics during
this class (Ramirez, Schau, & Emmioǧlu, 2012; Schau & Emmioǧlu, 2012). This is
important as those with more negative attitudes “will not intelligently and literately
use statistics in their professional and personal lives or in any educational venture”
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(Schau & Emmioǧlu, 2012, p. 86). While important, research has suggested there
are minimal improvements in attitudes over the term (e.g., Schau & Emmioǧlu, 2012;
Swanson, VanderStoep, & Tintle, 2014). Second, this course also provides an op-
portunity for educators to help students develop statistical skills that they may use
in their professional and personal life. However, researchers have acknowledged that
“what we teach lags decades behind what we practice” (Cobb, 2015, p. 268). To
remedy this, researchers have been shifting the curriculum (e.g., Chance, Mendoza,
& Tintle, 2018; Tintle et al., 2014, 2016; Lock, Frazer Lock, Lock Morgan, Lock,
& Lock, 2013) to incorporate more of the logic of statistical reasoning as suggested
by Cobb (2007). One way of doing so is to incorporate more technologically inten-
sive methods such as bootstrapping. While this curriculum is relatively new, many
studies have been conducted on it (e.g., Chance et al., 2018; Swanson et al., 2014;
Tintle & VanderStoep, 2018). For example, Tintle et al. (2014) found that students
are achieving a better understanding of some topics, while not others, with this new
curriculum as compared to the more traditional curriculum.
In addition to considering content and attitudes in an introductory course, re-
search has examined online instruction. Much research over the past decade has
focused on the method of instruction, specifically comparing face-to-face and online
courses (e.g., DeVaney, 2010; Gundlach, Richards, Nelson, & Levesque-Bristol, 2015).
Studies like these have found varying results in the difference in the outcomes of these
two delivery options; however, meta-analyses have found that these two delivery op-
tions are just as effective (e.g., Allen, Bourhis, Burrell, & Mabry, 2002; Allen et
al., 2004). Recently though, researchers have argued for a need to shift the focus of
research to better understanding aspects of online courses that may affect student
outcomes such as student and instructional characteristics (Joosten, Cusatis, & Har-
ness, 2019; Joosten & Cusatis, 2020). Joosten et al. (2019) argued that “there is
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increasing demand and need for demonstrable effective practices to ensure quality in
online courses and programs and to inform practice” (p. 355). As a result, one com-
ponent of my study will focus on understanding instructor interactions with students
in an online course rather than comparing a face-to-face and online course.
My study represents a multifaceted contribution to the field of statistics education.
To begin with, the first contribution is the development, informed by the Community
of Inquiry framework (CoI; Garrison et al., 2000), of a completely online version of
introductory statistics for the University of Nebraska-Lincoln. This course focuses on
simulation-based inference and allows for large enrollments, which makes the capacity
of the course flexible based on the university’s needs. Additionally, the fully online,
asynchronous format allows students to have greater flexibility with their enrollment
and schedule.
Second, there is minimal research that has been conducted solely on an under-
graduate level online introductory statistics course. Even more limited is the research
conducted on an online simulation-based inference introductory course. Thus, this
course provides an opportunity to understand and explore multiple aspects of stu-
dent outcomes. The first is to investigate student conceptual understanding as mea-
sured by the modified version of the Comprehensive Assessment of Outcomes in a
First Statistics Course (modified CAOS; B. Chance, personal communication, July
8, 2020; Chance, Wong, & Tintle, 2016; N. Tintle, personal communication, June 17,
2020). This can provide insight into how students are performing and aspects of the
course design and delivery that may need improvement. The second outcome this
course chance provides insight into are students’ attitudes toward statistics. Several
studies have investigated students’ attitudes toward statistics (e.g., Millar & White,
2014; Posner, 2014; Schau & Emmioǧlu, 2012); however, there are minimal stud-
ies that have investigated students’ attitudes toward statistics in a simulation-based
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introductory online course.
Third, this study contributes to the growing body of literature focusing on how un-
derlying student characteristics influence outcomes in courses (e.g., Bernard, Brauer,
Abrami, & Surkes, 2004; Joosten & Cusatis, 2020; Lester, 2016; Shah Abd Hamid
& Sulaiman, 2014). Some of these studies have investigated students’ statistical
readiness in traditional face-to-face courses (e.g., Lester, 2016; Shah Abd Hamid &
Sulaiman, 2014), while other studies have focused on general readiness for an on-
line course (e.g., Bernard et al., 2004; Joosten & Cusatis, 2020). Minimal research
has investigated these characteristics in an online undergraduate statistics course,
especially with both types of readiness considered. Thus, there is an opportunity to
examine these characteristics further which may allow instructors to better design
online courses and identify if students are prepared to take a course online.
Fourth, this study contributes to the growing body of research investigating stu-
dents’ social and academic involvement. For example, one aspect of this involvement
is a student’s engagement. Carini, Kuh, and Klein’s (2006) study suggested there is
a weak relationship between engagement and grades; however, this was conducted in
a traditional face-to-face course. Minimal research has investigated the relationship
between engagement and course outcome in online courses. Thus, this study will
expand current research to explore the relationship in this delivery mode.
Fifth, this study contributes to the body of literature focusing on understanding
if interactions with peers and the instructor influence outcomes in online courses
(e.g., Alqurashi, 2019; Joosten et al., 2019; Kuo, Walker, Belland, & Schroder, 2013).
Previous research in statistics education has suggested there is a positive relationship
between interactions related to the subject matter with the instructor and grades in an
online statistics course (Aragon & Wickramasinghe, 2016). Thus, to expand on this
study, an intervention was implemented that focuses on supporting the Community
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of Inquiry framework by increasing interactions between instructors and students.
1.1 Purpose of Study
The purpose of this study was multifaceted. The first and most important aim was
to develop an effective completely online introductory statistics for the University of
Nebraska-Lincoln based on best practices. We aimed to design a course that would
help students develop important statistical knowledge (like statistical reasoning and
literacy skills) and positive attitudes toward statistics. Since this was a newly de-
veloped course, the rest of the aims relate to better understanding this course and
its effectiveness. The study aimed to investigate predictors of course performance,
satisfaction, perceived learning, and gains in conceptual understanding. The specific
predictors investigated relate to student characteristics, student behaviors and per-
ceptions, and instructional characteristics. The study also explored the effects of an
intervention which aimed to increase instructor-student interactions. In addition, this
study sought to examine the change in students’ attitudes toward statistics between
the beginning and end of the term.
1.2 Research Questions
The following research questions guide this dissertation:
1. Is there a relationship between increased instructor-student interactions and
student outcomes?
2. Is there a relationship between student characteristics, student behaviors and
perceptions, and instructional characteristics and student outcomes?
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3. Do students’ attitudes toward statistics change between the beginning and end
of the term?
To address these research questions, Chapter 2 reviews pertinent literature. Chap-
ter 3 describes the course, intervention, and statistical methods. Chapter 4 presents




To help understand the goals of this dissertation and situate them in the context of
previous research, this chapter provides a review of pertinent literature. Specifically,
this chapter begins by discussing introductory statistics courses. Then, the litera-
ture examining instructional characteristics, student characteristics and behaviors,
and attitudes toward statistics is summarized. The chapter ends by discussing the
Community of Inquiry framework (Garrison et al., 2000).
2.1 Introductory Statistics Courses
There is not one generally agreed upon curriculum in an undergraduate non-calculus
based introductory statistics course. Since at least the late 1990s, many classes have
focused on the normal approximation approach to inference, which is often referred
to as the consensus curriculum (Scheaffer, 1997; Swanson et al., 2014; VanderStoep,
Couch, & Lenderink, 2018). This consensus curriculum starts with descriptive statis-
tics and then may briefly discuss study design (Swanson et al., 2014; VanderStoep et
al., 2018). Next, probability theory is introduced followed by sampling distributions
and the central limit theorem, and the course finishes with statistical inference.
In 2005, the American Statistical Association endorsed the Guidelines for Assess-
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ment and Instruction in Statistics Education, which provides six recommendations for
pedagogical approaches to teaching introductory statistics courses (GAISE; Aliaga et
al., 2005). An updated version of GAISE was published in 2016 (GAISE College Re-
port ASA Revision Committee, 2016); however, it remains fairly similar to the 2005
version. Following the initial 2005 guidelines, Cobb (2007) also argued for a curricu-
lum shift in these courses. Thus, over the last decade, there has been a shift within
many introductory courses to focus more on simulation-based inference (SBI) (e.g.,
Lock et al., 2013; Tintle et al., 2016). Instead of relying strictly on normal approxima-
tions, randomization tests and bootstrapping methods are used to introduce students
to statistical concepts such as statistical significance. When the simulation-based in-
ference approach is used, students are typically, though not always, still introduced
to theoretical approximations; however, these approximations are usually introduced
after the corresponding SBI.
There have been different iterations and textbooks using the simulation-based in-
ference approach. For example, in one early simulation-based inference curriculum
that addressed the original GAISE guidelines for pedagogy, simulation-based meth-
ods were taught during the first part of the course (Tintle, VanderStoep, Holmes,
Quisenberry, & Swanson, 2011), and theory-based approximations were introduced in
the second part of the course. Another popular textbook involving simulation-based
inference follows a similar format (Lock et al., 2013). However, a later version of a
SBI curriculum taught simulation and theoretical inference techniques back-to-back
in each chapter (Tintle et al., 2016).
2.1.1 Comprehensive Assessment of Outcomes in a First Statistics Course
Prior to the development of courses focused on simulation-based inference, several
assessments were developed to explore student learning in introductory statistics
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courses. One of these instruments is the Statistical Reasoning Assessment (SRA)
(Garfield, 2003). This assessment has 20 items and heavily focuses on students’
statistical reasoning skills and knowledge of probability, but a disadvantage of the
assessment is the lack of emphasis on statistical inference, data collection, and data
production (delMas, Garfield, Ooms, & Chance, 2007). Thus, the Comprehensive
Assessment of Outcomes in a First Statistics Course (CAOS) was developed to be
a more comprehensive assessment of generally agreed upon content and skills for
non-mathematical introductory statistics courses. This assessment is meant for a
broad range of students (delMas et al., 2007). This assessment was developed dur-
ing a time when the consensus curriculum was standard; however, simulation-based
courses have also administered the CAOS (e.g., Tintle et al., 2011, 2018), as learning
goals are typically the same regardless of curricula.
The CAOS has been used frequently over the years (e.g., delMas et al., 2007;
Hahs-Vaughn et al., 2017; Tintle et al., 2018). One of the earliest studies investigated
the typical change in CAOS score of students in a first introductory statistics course
(delMas et al., 2007). Through a cross-institutional study with 33 institutions and
1470 students, delMas et al. (2007) found that students had an estimated average
percentage increase of 9 points (with a 95% confidence interval of 8.2% to 9.9%).
Even more recently though, researchers have modified the CAOS (Chance et al.,
2016; Tintle & VanderStoep, 2018). The CAOS was modified based on pilot data and
results from Tintle et al.’s (2011) study (Chance et al., 2016). Some questions were
removed that were not discriminating between students (Chance et al., 2016; Tintle
& VanderStoep, 2018). Others questions were added, and some questions from the
original CAOS were reworded. All the modifications were reviewed by an advisory
board. Students taking the modified version saw similar gains (8.4%) as those taking
the original CAOS (9%) (Chance et al., 2016; delMas et al., 2007).
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Other studies have compared students’ gains in CAOS between the consensus
curriculum and an early version of SBI using the original CAOS (Tintle et al., 2014,
2018). Tintle et al. (2014) found that students saw higher overall gains with the early
version of SBI compared to those with the consensus curriculum. Further, Tintle et
al. (2018) examined the overall gains between the two types of courses when account-
ing for pre-course metrics. One of those metrics was the pre-test score. Students
were put into one of three groups: low (scored ≤ 40%), middle (scored between 40%
to 50%), and high (scored ≥ 50%). Investigating these groups individually and com-
paring the consensus and early SBI, Tintle et al. (2018) found that all groups saw
higher gains with the simulation-based rather than the consensus curriculum, with
the middle group seeing the biggest difference in gains. Another metric was ACT
score; students were put into one of three groups again: low (scored ≤ 22), middle
(scored between 22 to 27), and high (scored ≥ 27). Again, investigating these indi-
vidually, all groups saw higher gains with the simulation-based curriculum, but based
on this metric, the lowest scoring group saw the biggest difference in gains between
the simulation-based and consensus curriculum. Another component of this study
looked at the difference in gains between these two curricula for certain topics for
each pre-test group. For example, Tintle et al. (2018) found that for some of the
topics – i.e., box plots, descriptive statistics, and sampling variability – the consensus
curriculum had an estimated average which was higher for the low performing group;
however, for other topics, the simulation curriculum had an estimated average which
was higher for the low performing group– i.e., graphical representations, data collec-
tion and design, bivariate relationships, test of significance, confidence intervals, and
probability/simulation. This may indicate that the students with low performance
gain a better understanding of some material in the SBI curriculum but not so for
others; however, it is important to mention that only data collection and design, tests
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of significance, and probability showed a statistically significant difference between
curricula.
Instead of comparing curricula, other studies have sought to examine delivery
modes (Hahs-Vaughn et al., 2017). Hahs-Vaughn et al. compared the CAOS scores
from the original test for an online and hybrid graduate introductory statistics course.
The course content was delivered 50% online and 50% in class for the hybrid course.
These courses included both master’s and doctoral students. Hahs-Vaughn et al.
found that there was not statistical evidence that students enrolled in the hybrid
course differed from the students enrolled in the online course with regards to their
post-CAOS score.
While much of this research has focused on traditional face-to-face classes, minimal
research has been conducted on undergraduate online introductory statistics courses
to see if students in the online courses are achieving similar gains in understanding
as students enrolled in other modes of course delivery. Even more specifically, there
has been limited research investigating a simulation-based approach in an online un-
dergraduate statistics course. Thus, I sought to investigate students’ gains in the
modified CAOS score between the beginning and the end of the semester.
2.2 Attitude Toward Statistics
As mentioned earlier, often the introductory statistics course is the only statistical
course students complete during their undergraduate years; therefore, a positive at-
titude toward statistics is another “goal” that educators often wish to achieve while
teaching these courses (Ramirez et al., 2012). For example, one attitude that many
instructors would like the students to leave their class with is the belief “that they can
understand and use statistics” (Ramirez et al., 2012, p. 57). Studies have suggested
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there is a relationship between students’ attitudes and their statistics achievement
(e.g., Cashin & Elmore, 2005; Evans, 2007; Vanhoof et al., 2006). Further, Emmioǧlu
and Capa-Aydin (2012) conducted a meta-analysis of 17 studies and found positive
correlations between statistics achievement and attitudes. Thus, there has been much
interest in measuring students’ attitudes in statistics courses.
There have been many different instruments built over the years. One of the
most comprehensive, reliable, and validated surveys that exists today is the Survey
of Attitudes Toward Statistics (SATS; Schau, Stevens, Dauphinee, & Vecchio, 1995;
Schau, 2003a, 2003b). This survey has been quite popular over the years and has
been translated into multiple other languages such as Chinese, Dutch, and Spanish
(Schau, Millar, & Petocz, 2012). The first version of the Survey of Attitudes Toward
Statistics had 28 items (abbreviated as SATS-28), with four sub-scales (Schau et al.,
1995). The original sub-scales were affect, cognitive competence, value, and difficulty;
however, the scale was updated with two new sub-scales: interest and effort, resulting
in a survey that is now 36 items (abbreviated as SATS-36; Schau, 2003a, 2003b).
The Survey of Attitudes Toward Statistics has been used in many different types
of studies throughout the years (e.g., DeVaney, 2010; Schau & Emmioǧlu, 2012;
Swanson et al., 2014). For example, SATS has been used to compare different course
delivery modes (DeVaney, 2010) and curriculum (Swanson et al., 2014). It has also
been used to investigate how attitudes of students in the United States change during
the semester (Schau & Emmioǧlu, 2012). The following sections will summarize some
of the research that has been conducted using the survey.
2.2.1 Change in Attitudes
It was not until relatively recently that a large-scale study was conducted on this sur-
vey. Schau and Emmioǧlu’s (2012) study had about 2,200 students who participated.
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These students were enrolled in an introductory statistics course (mostly using the
consensus curriculum) across institutions in the United States. There was a total of
101 different sections of the course. The results showed that between the beginning
and end of the semester there was not much change in attitudes for affect, cognitive
competence, and difficulty; however, value, interest, and effort all decreased from the
beginning to the end. Schau and Emmioǧlu argued that only differences of at least
0.5 from pre-test to post-test are relevant given the nature of the survey. The only
estimates that changed by around 0.50 were interest and effort. This means students
had less interest in statistics at the end of the course than at the beginning which is
not ideal, and students also appeared to put less effort into the course than initially
they had planned for.
Bond, Perkins, and Ramirez’s (2012) study differed and found that participants
had a decrease in scores for all the sub-scales except for cognitive competence; how-
ever, it is important to note that this was not the focus of the study. One of the foci of
this study was to determine whether there was a relationship between students’ defi-
nition of statistics and their attitudes, as well as between students’ conceptualization
of statistics and their attitudes.
Another study explored the different attitudes for various demographic groups,
including sex and race/ethnicity using SATS-28 (van Es & Weaver, 2018). This study
found that women tended to have lower scores on the affect, cognitive competency,
and difficulty sub-scales than men. This means that women tended to believe that
statistics is more challenging, had lower beliefs in their knowledge and skills, and had
less positive feelings toward statistics. However, for racial/ethnicity groups, there
were no differences found among the attitudes sub-scales.
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2.2.2 Modification in Curriculum or Delivery Method
As mentioned above, there have been several comparative studies that investigated
students’ attitudes using SATS (DeVaney, 2010; Gundlach et al., 2015; Swanson et
al., 2014). Swanson et al. (2014) investigated the difference between a consensus and
simulation-based curriculum. For all of the six sub-scales, there were no statistical
differences between the two curricula based on the change in SATS scores between
pre-test and post-test. When looking at the overall change in SATS-36, each of the
sub-scales was statistically different between pre and post, with an increase for affect,
cognitive competence, and difficulty. Effort, interest, and value all saw decreases in
attitudes between the beginning and the end of the semester. However, it is important
to note that only effort changed by at least 0.5; thus, the only practically significant
finding, based Schau and Emmioǧlu’s (2012) standard, was that students ended up
putting less effort into the course than they had initially anticipated.
Other studies have focused less on the curriculum and more on mode of course
delivery. One such study investigated three different modes: online, web-augmented
traditional, and hybrid (Gundlach et al., 2015). The same instructor taught three
sections of the same statistical literacy course, and the primary difference between
sections was the mode of course delivery. Gundlach et al. (2015) found that generally
affect, cognitive competence, and difficulty increased from the beginning to the end
of the semester for all modes; however, value, interest, and effort tended to decrease.
Gundlach et al. analyzed this further with linear mixed models for each of the sub-
scales. Each model had two factors: mode of delivery (online, face-to-face, and hybrid)
and time of survey administration (pre or post). For affect, cognitive competence,
and difficulty, there was a significant interaction between delivery mode and timing.
In the online course, there was not a significant change in scores from pre to post
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for affect and cognitive competence, whereas for difficulty (or perceived easiness),
there was an estimated average increase. This estimated increase was not at least
0.5, though. Value, interest, and effort did not have a significant interaction between
delivery mode and timing or main effect of delivery mode. Thus, for value, interest,
and effort, students across modes generally saw attitudes decrease over the semester.
It is important to note that none of these estimated changes were at least half a
point, although effort was close with an estimate of -0.47. Thus, only effort was
close to being a practically important change based on Schau and Emmioǧlu’s (2012)
standard.
In a similar study, DeVaney (2010) investigated students’ attitudes in a face-to-
face compared to an online format for a graduate introductory statistics course using
SATS-28. DeVaney found that students in the online course generally had lower
scores on the difficulty sub-scale than those in the face-to-face course (i.e., online stu-
dents perceived statistics as more difficult than face-to-face students). Additionally,
DeVaney found that students in the online class tended to have an increase in affect
between the beginning and end of the term.
2.2.3 Timing
Other studies have investigated the timing of the SATS. To begin with, the timing of
the pre-test was investigated to see the impact of giving the SATS-36 before the first
day of class instead of after (Posner, 2014). In this experiment, researchers found
that students generally had more positive attitudes if they took the pre-test before
the first day of class. More specifically, students had higher scores on the cognitive
competence, affect, and difficulty pre-test sub-scales if they took it after the first day.
Other studies investigated the timing of the post-test (Millar & White, 2014).
Millar and White explored if the end of the semester or beginning of the next semester
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would result in different scores on the post-test. Results show that there was a
significant difference in the effort sub-scale between the end of the semester and
beginning of the following semester. The change was also considered for each sub-
scale – i.e., the absolute value of the gain. For example, the mean gain was only 0.04
for the affect sub-scale, but the average change was 0.66. This indicates that while
some students’ attitudes decreased from December to January, others increased and
canceled out those individuals with a decrease.
Other studies investigated students’ change in SATS throughout the semester, in-
stead of just considering the beginning and end of the semester (Kerby & Wroughton,
2017). SATS-36 was administered three times during the semester– beginning, mid-
dle, and end. Five of the sub-scales– cognitive component, difficulty, effort, interest,
and value– had a significant effect of time; thus, on average, the scores did generally
change over time. For cognitive competence and difficulty, the pre-test scores were
only significantly different than the post-test scores. For effort, interest, and value,
the pre-test scores were significantly different than the mid-test and post-test scores.
For all five of these sub-scales, the mid-test scores were not significantly different
than the post-test scores. Kerby and Wroughton (2017) suggested that there may be
something influencing students’ attitudes during the first half of the semester.
2.2.4 Summary of SATS
There has been a considerable amount of research examining students’ attitudes to-
ward statistics. There has been a large-scale study that investigated the typical
change in SATS between the beginning and end of the semester for students in the
US (Schau & Emmioǧlu, 2012), as well as studies comparing the difference in atti-
tudes between different demographic groups (van Es & Weaver, 2018). There have
been studies which explore the timing of the administration of the SATS and when
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the change occurs (Posner, 2014; Millar & White, 2014; Kerby & Wroughton, 2017).
There have also been studies that compare the attitudes between different types of
curriculum such as between simulation-based and consensus curriculum (Swanson et
al., 2014). However, it is likely that these were predominantly in traditional face-to-
face courses. Thus, there are few studies that have investigated students’ attitudes
toward statistics in a simulation-based introductory online course.
2.3 Statistical Readiness
In addition to considering students’ attitudes, researchers have used a variety of
methods and variables to try to predict student outcomes in introductory statistics
courses. These variables relate to not only their college career (such as college GPA,
courses taken, and grades achieved) but also their high school career (such as ACT
score, SAT score, and high school achievement). In addition to the wide range of
variables, studies have investigated a wide array of introductory statistics courses
in other disciplines such as business and psychology, as well as multi-disciplinary
statistics courses.
To begin with, studies have investigated students enrolled in economics and busi-
ness introductory statistics courses (Johnson & Kuennen, 2006; Green, Stone, Zeg-
eye, & Charles, 2009; Rochelle & Dotterweich, 2007). Johnson and Kuennen (2006)
found that science ACT score, basic mathematics test score, gender, and GPA were
all important in predicting final grades; however, an interesting result was that the
mathematics ACT score and having taken calculus were not found to be related to
final grades. Another study found that the number and type of mathematical courses
that students took had an impact on their final grades (Green et al., 2009). Specifi-
cally, Green et al. found students who took more rigorous mathematics courses (e.g.,
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courses that contained more calculus) tended to perform better in an economics and
business statistics course, which is different than what was discovered by Johnson
and Kuennen (2006). In another study, Rochelle and Dotterweich (2007) explored
grades in a quantitative class (containing differential calculus and algebra) and found
that the grade in the quantitative class was a strong predictor for students’ grades
in a business statistics course. Rochelle and Dotterweich also found that number of
absences and college GPA were strong predictors.
Other studies have investigated multi-disciplinary statistics courses (Li, Uvah, &
Amin, 2012). Li et al. found that college GPA, as well as math and English ACT
or SAT scores, were strong predictors of students’ grades. These results differ from
Johnson and Kuennen’s (2006) results since mathematics ACT score was not found to
be a strong predictor of students’ grades in a business and economic statistics course.
Further, Dupuis et al. (2012) explored additional high school factors. Dupuis et al.’s
multi-institutional study examined the relationship between high school achievement
in mathematics and achievement in an undergraduate statistics course and found that
students who had higher achievement in high school mathematics tended to take more
challenging statistics courses and earn higher grades.
Throughout the years, psychology statistics courses or students have also been
examined. These studies found that students’ mathematical skills as measured by
quizzes were related to performance in the courses (Lester, 2016; Shah Abd Hamid
& Sulaiman, 2014). Shah Abd Hamid and Sulaiman (2014) studied psychology stu-
dents (either those majoring or minoring in psychology), and Lester (2016) studied
a psychology statistics course. Shah Abd Hamid and Sulaiman (2014) and Lester
(2016) not only investigated students’ mathematical skills but were also interested
in statistical anxieties. In both studies, researchers found that students’ anxieties
about statistics were not significantly related to performance (Shah Abd Hamid &
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Sulaiman, 2014; Lester, 2016).
Other studies have followed a similar idea and considered students’ perceptions of
statistics (Cherney & Cooney, 2005). Cherney and Cooney found that students in a
psychology class that had more negative perceptions of mathematics and statistics at
the beginning of the course tended to have lower course grades. Further, studies have
investigated the relationship between undergraduate psychology students’ attitudes
and course assessment grades (Dempster & McCorry, 2009). Dempster and McCorry
found that students’ attitudes, specifically cognitive competence from the post-test
of the SATS-28, was the strongest predictor of assessment grade. This post-test was
administered at the end of their statistical curriculum. Interestingly, Tintle and Van-
derStoep (2018) found significant correlations between the post-test of the modified
version of the CAOS and attitudes at the end of the course. Specifically, Tintle
and VanderStoep found significant correlations ranging from 0.24 to 0.33 between all
sub-scales of the SATS-36 except for effort.
2.4 Online Learning Readiness
In addition to considering students’ readiness to complete a statistical course, it is
important to consider whether students are ready for aspects of an online course. One
area of research in online education is online learning readiness, which is whether a
student is prepared to be successful in an online learning environment (e.g., Bernard
et al., 2004; Dray, Lowenthal, Miszkiewicz, Ruiz-Primo, & Marczynski, 2011; Yeh
et al., 2019; Joosten & Cusatis, 2020). This area of research often focuses on the
development of an instrument to measure these characteristics (e.g., Bernard et al.,
2004; Dray et al., 2011; Hung, Chou, Chen, & Own, 2010). Throughout the years,
many different scales and assessments have been developed, with limited consistency
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in utilization of instruments across studies. However, Joosten and Cusatis (2020)
recognized the importance of a reliable and validated instrument, and Dray et al.
(2011) argue that having an instrument that can measure learner readiness can help
instructors make more informed decisions when it comes to course content.
While there have been many scales developed, there has been limited consistency
in the characteristics examined across studies. Previous research has explored a va-
riety of readiness characteristics such as computer/technology self-efficacy, learner
control, social competencies, motivation for learning, self-regulated behaviors, com-
fort with online learning, self-directedness, and organization (e.g., Hung et al., 2010;
Joosten & Cusatis, 2020; Kerr, Rynearson, & Kerr, 2006; McVay, 2001; Yeh et al.,
2019; Yu, 2018). Each study has had a differing combination of characteristics that
they investigated. I will focus on only two components of learner readiness in this
study: online learning efficiency – a “student’s self-reported beliefs about online learn-
ing” (Joosten & Reddy, 2015, p. 113; e.g., online learning is as effective as traditional
face-to-face learning) – and self-directedness – a “student’s self-reported belief about
their initiative and ability to be self-directed” (Joosten & Reddy, 2015, p. 113).
To begin, one of the earliest studies that investigated and developed a question-
naire for student readiness was McVay’s (2000, 2001) questionnaire. This has been
shown to be a reliable and valid questionnaire focusing on two factors: comfort with e-
learning and self-management of learning (Smith, Murphy, & Mahoney, 2003; Smith,
2005). Some studies have adapted McVay’s questionnaire when building their own
assessment (e.g., Hung et al., 2010; Bernard et al., 2004). For example, a multi-
institutional study of undergraduate students who were enrolled in at least one on-
line course in Taiwan examined a scale consisting of five factors: computer/internet
self-efficacy, self-directed learning, learner control, motivation for learning, and on-
line communication self-efficacy (Hung et al., 2010). This scale had some questions
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that were adapted from McVay’s (2000, 2001) scale. Using their survey, Hung et al.
(2010) found that seniors perceived that they had more self-directedness than fresh-
man, sophomore, and juniors. Thus, Hung et al. suggested that self-directness may
be related to maturity. A limitation of this study is that there was no investigation
into how these factors relate to course outcomes.
Bernard et al. (2004) also expanded McVay’s (2000, 2001) survey of online readi-
ness. Bernard et al.’s (2004) survey included four components of readiness: online
skills, self-directedness, online learning efficacy, and desire of students to interact with
their instructor and/or classmates. Bernard et al. discovered that self-directedness
and online learning efficacy were both positive predictors of course grades. It is im-
portant to note that even with all four predictors in the model only a small amount
of variation in course grades was explained, however.
Other research has adapted Bernard et al.’s (2004) scale (Joosten & Cusatis,
2020). Joosten and Cusatis conducted a cross-institutional study to explore online
learning readiness and student outcomes. The sample consisted of both graduate
and undergraduate students. Students’ self-reported online efficacy was found to be
positively and significantly related to students’ perceptions of learning, satisfaction
with the course, and course grades. Online learning efficacy was the only variable that
was significant for all three outcomes. The other predictors considered were online
work skills, socialization, social technology skills, and organization. It was found that
self-directedness did not have a significant impact on any of these three outcomes
variables, which differed from previous research (Bernard et al., 2004).
Joosten and Cusatis (2020) noted the challenge of implementing an intervention
to help increase students’ online learning efficacy as “changing a behavior is simpler
than changing or developing a belief that a student holds to be true” (p. 11). Thus,
suggestions on how to implement effective teaching practices to help increase online
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efficacy were limited; however, one interesting suggestion was using online learning
efficacy as a precursor for enrollment in online courses.
2.4.1 Self-Regulated
While many of the previous studies directly investigated self-directedness, other stud-
ies have investigated self-regulated behaviors for both undergraduate and graduate
students (Yeh et al., 2019). Yeh et al. specifically considered the following five behav-
iors: metacognitive skills, time management, environmental structuring, persistence,
and help-seeking. Several of these self-regulated characteristics are related to self-
directedness. Yeh et al. (2019) found that students’ self-regulated strategies likely
impacted their expected grades.
Other studies have also investigated self-regulated behaviors (e.g., Roblyer & Mar-
shall, 2002; Roblyer, Davis, Mills, Marshall, & Pape, 2008). Initially, an assessment
was built to measure students’ readiness in high school online courses (Roblyer &
Marshall, 2002). Using factor analysis, this assessment has four distinct factors:
achievement and self-esteem beliefs, responsibility, technology skills and access, and
organization and self-regulation. The organization and self-regulation focuses on “stu-
dents’ ability to approach tasks in an organized and goal-oriented way” (Roblyer &
Marshall, 2002, p. 250). Using a second version of this instrument, Roblyer et al.
(2008) found that students’ total score on this survey (which includes questions about
their organization and goal-oriented behaviors) was an important predictor of their
success in an online high school course.
2.4.2 Summary
Overall, there are several studies that have investigated learner readiness, specifi-
cally relating to self-directedness in various settings. The research has found differing
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results, and the educational levels range from high school to graduate students. Addi-
tionally, the locations of these studies differ greatly- from Taiwan to the United States;
thus, the results may not always be generalizable. In contrast to self-directedness,
there are relatively few studies that have investigated online learning efficacy. Addi-
tionally, minimal research has been conducted in the field of statistics investigating
these characteristics in an online undergraduate course.
2.5 Engagement
In addition to considering students’ online learning efficacy and self-directedness, en-
gagement is often of interest. In this study, engagement measures a student’s perspec-
tive of their emotional involvement, immersion, intellectual curiosity, and attention
to the academic challenges, course activities, and course community. Throughout
the literature, there have been many different definitions and conceptualizations of
engagement utilized though, making it challenging to summarize and compare the
existing research (Henrie, Halverson, & Graham, 2015).
For example, Fredricks, Blumenfeld, and Paris (2004) suggested there are three
types of engagement: behavioral, emotional, and cognitive. Behavioral engagement
relates to observable behaviors (both academic and social) that are important to
achieve academic success. Some examples of behavioral engagement are attendance,
participation, and homework completion (Henrie et al., 2015). Emotional engagement
relates to students’ feelings about their instructor, peers, academic work, and school
(Fredricks et al., 2004). Some examples of emotional engagement are interest, frus-
tration, and boredom (Henrie et al., 2015). Cognitive engagement relates to students’
effort to understand the challenging material (Fredricks et al., 2004). Some examples
of cognitive engagement are self-regulation and metacognitive behaviors (Henrie et
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al., 2015).
Other studies, however, identified the following four types of engagement: skills,
emotional, participation/interaction, and performance engagement (Handelsman, Briggs,
Sullivan, & Towler, 2005). Skills engagement relates to students’ practicing skills such
as taking good notes and reviewing material outside of class. Emotional engagement
relates to students’ “emotional involvement with the class material” (Handelsman et
al., 2005, p. 186) such as the desire to learn and thinking about the material outside
of class. Participation and interaction engagement relates to students’ participation
during class and interactions with both their instructor and peers inside and outside of
class. Performance engagement relates to “engagement through levels of performance
in the class” (Handelsman et al., 2005, p. 187) such as students’ confidence in their
ability to do well on exams and in the course. Other researchers even go as far to say
that “interaction and engagement are closely related and even used interchangeably”
(Martin & Bolliger, 2018, p. 206).
While there are many ways of constructing and measuring engagement, some pat-
terns have emerged throughout the research as many of these studies have focused
on more behavioral types of engagement and/or comparing teaching practices. Ad-
ditionally, many studies have explored traditional face-to-face courses, at least in
some capacity (e.g., Junco, Heiberger, & Loken, 2011; Rabe-Hemp, Woollen, & Hu-
miston, 2009). One study compared engagement levels for an online versus large
lecture hall course (Rabe-Hemp et al., 2009). Researchers investigated components
of engagement such as peer and instructor interactions, class preparation time, and
class participation. Those in the online course reported higher levels of instructor-
student interactions, class preparation time, and participation time and lower levels
of student-student interaction and discussion on course material outside of class.
Other studies sought to understand what type of engagement students are partic-
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ipating in or value most (e.g., Bolliger & Martin, 2018; Jamaludin & Osman, 2014;
Martin & Bolliger, 2018). For example, out of the three types of engagement strategies
Martin and Bolliger (2018) defined (instructor-learner, learner-learner, and learner-
content), they found that students valued instructor-learner strategies the most. In
another study by the same researchers, instructors were asked which strategies they
thought were most valuable and compared the results with the students’ responses
(Bolliger & Martin, 2018). Instructors valued several strategies more than students
(such as ice breakers and collaborative assignments), and students only valued one
strategy more than instructors: posting due date checklists in each module. In a
different study, Jamaludin and Osman (2014) looked to see what students are engag-
ing in most in a flipped course when considering the following types of engagement:
behavioral, cognitive, emotional, or agentic. Agentic engagement refers to students
trying to “create a more motivational and supportive learning environment for them-
selves” (Jamaludin & Osman, 2014, p. 126), such as striving to make course content
as interesting as possible. Jamaludin and Osman found that students rated emotional
engagement higher than behavioral, cognitive, and agentic engagement.
Other studies have sought to compare what different types of students are engag-
ing in (e.g., Alqurashi, 2020; Dixson, 2010). One study investigated undergraduates
who were high and low achieving to see if there were differences in the activities that
they engaged in (Alqurashi, 2020). Their sample was unique since all participants
were seniors who had exclusively taken online courses during their undergraduate
career. This study looked at the following types of engagement: higher-order learn-
ing, reflective and integrative learning, learning strategies, quantitative reasoning,
collaborative learning, student-faculty interaction, and effective teaching practices
(students’ beliefs of how teaching happens). Alqurashi found that high achieving
students scored higher on many of the sub-scales than low achieving students (i.e.,
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higher-order learning, reflective and integrative learning, learning strategies, quanti-
tative reasoning, and effective teaching practices); however, high achieving students
were lower on one sub-scale: instructor-student interactions.
While there have been many studies that have examined engagement in a vari-
ety of ways, few studies have examined the relationship between engagement and
course outcomes, especially in online courses. A few studies, however, have examined
this relationship in face-to-face courses. For example, one study found that the only
significant predictor for final exam grade was the participation/interaction engage-
ment when considering skills, emotional, participation/interaction, and performance
engagement (Handelsman et al., 2005). Similarly, other studies have suggested there
is a weak relationship between engagement and outcomes such as grades (Carini et
al., 2006). However, there have been relatively few studies that have considered
engagement and how they are related to the outcomes in online courses.
2.6 Interactions
Similar to Martin and Bolliger’s (2018) emphasis on engagement related to inter-
actions, numerous studies have focused on different types of interactions in online
courses. Two of the types of interactions identified fairly early on in distance educa-
tion research were instructor-learner and learner-learner interactions (M. G. Moore,
1989). These interactions are important to investigate as Cole, Shelley, and Swartz’s
(2014) study (of both graduate and undergraduate students) reported that lack of
interaction with the instructor and peers was the primary reason for dissatisfaction
in online courses. In this section, literature related to instructor-student and student-
student interaction is discussed.
27
2.6.1 Student-Student Interactions
As mentioned above, an important type of interaction is interactions among students
(M. G. Moore, 1989). The studies investigating student-student interactions have
shown fairly mixed results, with some studies finding positive associations between
student-student interactions and outcomes (e.g., Bernard et al., 2009; Sher, 2009;
Swan, 2001) while other studies did not find associations (e.g., Joosten et al., 2019;
Kuo et al., 2013).
To begin, Swan (2001) suggested that students who perceived higher amounts
of peer interactions had higher perceived learning and satisfaction. Further, other
studies have investigated predictors of outcomes and found that students’ percep-
tions of student-student interactions was a positive predictor for perceived learning
and satisfaction (Sher, 2009). Additionally, J. Moore (2014) found that the amount of
student-student interactions on a discussion board was a positive predictor of success-
fully completing the course. Even further, a meta-analysis was conducted to compare
different types of interaction treatments in distance education (DE; Bernard et al.,
2009). Interaction treatments are “the instructional and/or media conditions designed
into DE courses, which are intended to facilitate student-student (SS), student-teacher
(ST), or student-content (SC) interactions” (Bernard et al., 2009, p. 1243). There was
a total of 10 studies which implemented student-student interaction treatments, and
these studies demonstrated that the interventions had a positive effect on students’
outcomes.
While the above studies found a positive association between student-student in-
teractions and outcomes, other researchers have not found a relationship between
students’ perceptions of their interactions with peers and their perceived learning,
satisfaction, or academic performance (Alqurashi, 2019; Joosten et al., 2019; Kuo
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et al., 2013). In particular, Joosten et al. (2019) studied instructor-student interac-
tion related to instructional characteristics. Instructional characteristics are defined
as “characteristics of course structure that influence student and instructor behaviors
and student outcomes” (p. 358). Joosten et al. (2019) investigated instructional char-
acteristics such as learner support, design and organization, content, and interactivity
with peers by course design.
Other studies have focused on a specific type of peer interaction: collaborative
learning (e.g., Jung, Choi, Lim, & Leem, 2002; So & Brush, 2008). In one study, par-
ticipants were placed under one of three conditions: control, collaborative (student-
student collaboration), or social interactions (instructor-student) groups (Jung et al.,
2002). Jung et al. found that those in the collaborative group had significantly higher
satisfaction with the learning experience than those in the control group. However,
no difference in achievement was found between these two groups. There was also
not a significant difference between the collaborative and social interaction groups for
satisfaction or achievement. Similarly, So and Brush (2008) investigated collabora-
tive learning in a graduate blended course and found a positive correlation between
perceptions of collaborative learning and satisfaction with the course.
Overall, while there has been some research examining student-student interac-
tions and collaborative learning, there has been minimal consistency in the results.
Some studies suggest that these interactions are positively associated with outcomes,
such as perceived learning and satisfaction (e.g., Swan, 2001; Sher, 2009), while oth-
ers have not found this association (e.g., Alqurashi, 2019; Joosten et al., 2019; Kuo
et al., 2013). Thus, further research should be conducted to investigate the relation-




In addition to interactions with peers, interactions between instructors and students
are also important (M. G. Moore, 1989). Studies examining instructor-student inter-
actions have measured these interactions in two distinct ways: perceived interactions
and number of interactions (e.g., Aragon & Wickramasinghe, 2016; J. Moore, 2014;
Swan, 2001). Research has suggested that perceptions of instructor-student interac-
tions are an important factor for perceived learning and satisfaction (e.g., Joosten
et al., 2019; Sher, 2009; Swan, 2001). To begin, Swan suggested that students who
perceived higher amounts of instructor interactions had higher perceived learning and
satisfaction. Other studies have found that perceived instructor-student interactions
were a positive predictor for perceived learning and satisfaction (Alqurashi, 2019; Kuo
et al., 2013; Sher, 2009).
Joosten et al. (2019) found that perceived interactions with the instructor had a
positive relationship with perceived learning but a negative relationship with grades.
However, it is important to note that the model for grades only explained a small
amount of the variance (< 10%). Joosten et al. noted that more research was needed
to investigate this. Unlike Sher’s (2009) study, there was not a significant relationship
between interactions with instructors and satisfaction with the course. Joosten et al.
(2019) focused specifically on student-instructor interactions related to instructional
characteristics, though.
Other studies have not investigated students’ perceptions of the interactions but
instead looked at the number of interactions (Aragon & Wickramasinghe, 2016;
J. Moore, 2014). J. Moore (2014) found that the amount of instructor-student inter-
action on a discussion board was not a significant predictor of successfully completing
the course. Interestingly, this study separated instructor interactions and instructor
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presence. Instructor presence was defined as the “amount of posts without directly
addressing an individual student” (J. Moore, 2014, p. 273). J. Moore found that
instructor presence was a negative predictor of successfully completing the course.
Aragon and Wickramasinghe (2016) conducted a study in the field of statistics and
investigated instructor-student interactions in an online introductory summer course
focusing on traditional inference. The instructor of the course recorded each interac-
tion that happened through Skype, MyStatLab, the phone, and email with students
and indicated whether the interaction was content-based. Aragon and Wickramas-
inghe found that the number of content-based interactions between the instructor
and student had a positive association with final grades in the course. However, the
sample size was relatively small in this study.
Even further, a meta-analysis was conducted on studies implementing an inter-
vention comparing interaction treatments designed to facilitate student-instructor in-
teractions (Bernard et al., 2009). There were a total of 44 studies which implemented
instructor-student interventions. Bernard et al. found that the interventions had a
positive effect on students’ outcomes.
Further, Kang and Im (2013) examined the relationships between factors of instructor-
student interactions and course outcomes. Five factors of interactions were consid-
ered: guidance and facilitating learning, social intimacy, instructional communication,
presence of instructor, and instructional support. Kang and Im found each of these
aspects was important in predicting both perceived learning and satisfaction. Further,
instructional communication and instructional support appeared to be the strongest
predictors for academic achievement in online courses, and instructional communica-
tion, presence of instructor, and instructional support were the strongest predictors
for satisfaction. Thus, Kang and Im suggested that instructional interaction factors
better predicted these outcomes than social interaction factors.
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2.6.2.1 Instructor Immediacy
Similar to Kang and Im’s (2013) study investigating different components of instruc-
tor interactions, one component of interactions that is often examined is immedi-
acy. Immediacy has been studied extensively in traditional face-to-face courses (e.g.,
Andersen, 1979; Gorham, 1998; Christophel & Gorham, 1995). Immediacy is the
perceived distance (physical and/or psychological) between a communicator and the
person to whom they are communicating (Mehrabian, 1967; Schutt, Allen, & Lau-
makis, 2009). With instructor immediacy, the instructor is the communicator. There
are two types behaviors that instructors can use to reduce the distance with their stu-
dents: verbal and non-verbal behaviors (Christophel & Gorham, 1995; Gorham, 1998;
Schutt et al., 2009). Some verbal behaviors that teachers can use are encouraging
students to talk, addressing students by name, and incorporating personal examples
and experiences into the course (Gorham, 1998). Some non-verbal communication
behaviors that teachers can incorporate are smiling, engaging in eye contact, and
body movement and gestures at students (Andersen, 1979).
Verbal and non-verbal immediacy behaviors have been studied extensively in tra-
ditional face-to-face courses and found to be related to student outcomes such as per-
ceived learning, affective learning, and motivation (e.g., Gorham, 1998; Christophel
& Gorham, 1995; Witt, Wheeless, & Allen, 2004). For example, in a meta-analysis
of 81 studies, perceived learning had a correlation of 0.49 and 0.51 with verbal and
non-verbal immediacy, respectively (Witt et al., 2004); however, it is important to
note that only slight correlations existed between verbal and non-verbal immediacy
and cognitive performance. Recently though, researchers have extended this research
into distance courses. Much of this research has focused on verbal immediacy behav-
iors (e.g., J. D. Baker, 2004; C. Baker, 2010; Arbaugh, 2001); however, some studies
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have also incorporated non-verbal immediacy behaviors (Schutt et al., 2009).
To begin with, verbal immediacy behaviors have been studied in two ways: stu-
dents’ perceptions and intervention studies. Using students’ perceptions of verbal
immediacy behaviors, studies found significant positive correlations between instruc-
tor verbal immediacy and affective learning, cognition, and motivation (J. D. Baker,
2004; C. Baker, 2010). In one of the studies, only students who were enrolled in
online graduate courses were invited to participate (J. D. Baker, 2004), whereas,
the other study invited participants from both undergraduate and graduate courses
(C. Baker, 2010). C. Baker (2010) continued on to examine a linear model and found
that perceived instructor immediacy was not a strong predictor of affective learn-
ing, cognition, or motivation. Thus, C. Baker argued that more research is needed
to investigate this further. Arbaugh (2001) also investigated students’ perceptions
of instructor immediacy behaviors and separated the verbal immediacy behaviors
into two categories: instructor demeanor and name recognition. Arbaugh found that
perceptions of the instructor’s demeanor and name recognition were both positively
associated with perceived learning and course satisfaction.
An intervention study was also conducted to better understand the effect of im-
mediacy behaviors (Campbell, 2014). The high immediacy students received several
personalized messages throughout the semester, whereas the low immediacy group
did not. Campbell did not find any differences in the learning outcomes and course
activities between the two levels of immediacy. However, two important things were
noted. First, Campbell (2014) argued that they may have only weakly manipulated
teacher immediacy (e.g., should have sent more personalized messaged to the high
immediacy group). Second, Campbell argued that this result is in line with the face-
to-face research since Witt et al.’s (2004) study only found weak correlations between
immediacy behaviors and cognitive performance.
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Another intervention study incorporated both verbal and non-verbal immediacy
behaviors into the intervention (Schutt et al., 2009). Schutt et al. investigated whether
students perceived higher levels of instructor immediacy if the instructors imple-
mented more verbal and non-verbal immediacy behaviors into their videos. For ex-
ample, in one high immediacy session, the instructor used humor and smiled, whereas
the instructor did neither in the corresponding low immediacy group. Schutt et al.
found that students who were in the high immediacy sessions indicated higher levels
of instructor immediacy.
Other researchers have focused solely on non-verbal immediacy behaviors. For
example, Dixson, Greenwell, Rogers-Stacy, Weister, and Lauer (2017) had three cat-
egories for non-verbal immediacy behaviors: tone, chronemics, and feedback. Tone
included things like emoticons, figurative language, and aesthetics. Chronemics in-
cluded aspects of time such as frequency of messages, timeliness of response, and time
of day messages were sent. Feedback included aspects such as timeliness of feedback
and delivery of feedback (e.g., audio, video, and written). Courses were coded into
one of the following groups: low, medium, or high immediacy behaviors. Dixson et al.
only found that students in the high immediacy group had marginally higher levels
of engagement than those in the low immediacy behavior group. No difference in
engagement was found between the low and medium immediacy groups, as well as
between the medium and high immediacy groups.
2.6.2.2 Summary
The studies investigating instructor-student interactions in online courses have found
a positive relationship between instructor-student interactions and both perceived
learning and satisfaction (e.g., Joosten et al., 2019; Sher, 2009; Swan, 2001). However,
the research investigating the relationship between actual learning and immediacy and
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instructor-student interactions is less clear. Further, there has been minimal research
conducted in the field of statistics on instructor-student interactions and instructor
immediacy.
2.7 Community of Inquiry Framework
In the late 1990s, the Community of Inquiry (CoI) framework was developed to iden-
tify important components of online higher education courses (Garrison et al., 2000;
Castellanos-Reyes, 2020). According to Garrison et al. (2000), “a worthwhile edu-
cational experience is embedded within a Community of Inquiry that is composed
of teachers and students - the key participants in the educational process” (p. 88).
In this framework, learning occurs through social presence, cognitive presence, and
teaching presence. In the following paragraphs, each presence is described.
Cognitive presence is the most fundamental element needed in any course, as it
refers to “the extent to which the participants in any particular configuration of a
community of inquiry are able to construct meaning through sustained communica-
tion” (Garrison et al., 2000, p. 89). Cognitive presence is important in order for the
process of critical thinking to occur (Garrison, Anderson, & Archer, 2001). There are
four phases that occur during critical thinking based on the practical inquiry model
presented by Garrison et al. (2000). The phases are: triggering event, exploration,
integration, and resolution. In education, the instructor usually raises an issue, ques-
tion, or problem during the first phase (i.e., the triggering event) (Garrison et al.,
2001). The students then begin to explore the event and seek relevant information
that may help them understand the issue during the exploration phase. In the inte-
gration phase, students connect information collected during the previous phase and
create solutions for the issue. In the final phase, the resolution phase, students can
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apply their constructed knowledge in real world applications.
Social presence refers to an individual’s ability to project themselves as “real
people” (i.e., project themselves both affectively and socially) (Garrison et al., 2000;
Rourke, Anderson, Garrison, & Archer, 1999). It is important to note that social
presence is rooted in the concept of immediacy (Rourke et al., 1999). There are three
categories of social presence, with varying names depending on the study. The first
category was originally defined as emotional expression by Garrison et al. (2000) and
was defined later as affective responses by Rourke et al. (1999). Some indicators
of affective responses are expressions of emotions, use of humor, and self-disclosure
(i.e., discussing life outside of school). The second category is open communication
(Garrison et al., 2000), which is also referred to as interactive responses by Rourke et
al. (1999). Some indicators of interactive responses are continuing a message thread,
quoting from others’ messages, and expressing agreement. The third category is group
cohesion (Garrison et al., 2000), which is also referred to as cohesive responses by
Rourke et al. (1999). Some indicators of cohesive responses are using vocatives (e.g.,
addressing others by name), inclusive group pronouns (e.g., addressing the group as
“we”), and phatic expressions (e.g., social pleasantries).
Teaching presence is the “the design, facilitation, and direction of cognitive and
social processes for the purpose of realizing personally meaningful and education-
ally worthwhile learning outcomes” (Anderson, Rourke, Garrison, & Archer, 2001,
p. 5). There are three categories of teaching presence that were initially chosen: in-
structional management, building understanding, and direct instruction (Garrison et
al., 2000), and these categories were updated to design and organization, facilitating
discourse, and direct instruction in a later study (Anderson et al., 2001). Following
Anderson et al.’s (2001) categorization, some indicators of design and organization are
setting curriculum, designing methods (e.g., designing group or individual activities),
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and establishing netiquette. Some indicators of facilitating discourse are prompt-
ing discussion, acknowledging students’ contributions in discussion, setting climate,
and seeking agreement. Lastly, some indicators of direct instruction are presenting
content, diagnosing misconceptions, and responding to technical issues.
These presences are not independent and have many connections (Garrison et al.,
2000). For example, selecting content can be considered both teaching and cognitive
presence, and supporting discourse can be considered both social and cognitive pres-
ence. Additionally, setting climate can be considered both teaching and social pres-
ence. Overall, this framework can provide guidance when developing online courses
and experiences (Castellanos-Reyes, 2020).
2.7.1 CoI and Outcomes
While this framework identified important components for online courses, there has
been fairly limited research investigating the relationship between the CoI and learn-
ing outcomes. One study found a correlation between a project score and cognitive
presence (Maddrell, Morrison, & Watson, 2017); however, there were two other learn-
ing outcomes examined (e.g., total course points) that were not found to be related to
any of the CoI components. However, as Garrison (2017) argued, final grades may not
be reflective of meaningful outcomes; therefore, CoI’s “relationship to actual learning
outcomes has remained an open question”.
There has been some research investigating the relationship between the CoI
framework and satisfaction and perceived learning, however. Studies have found a re-
lationship between each of the three presences and satisfaction in online courses (e.g.,
Akyol & Garrison, 2008; Maddrell et al., 2017). Akyol and Garrison (2008) found
that two of the presences (teaching and cognitive presence) were positively related to
students’ perceived learning; however, Maddrell et al. (2017) found a positive rela-
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tionship between each presence and perceived learning. Other studies have focused on
a single presence and their relationship with perceived learning and satisfaction. For
example, Akyol and Garrison (2011) found an association between perceived learning
and cognitive presence in both an online and hybrid course. In another example, a
meta-analysis was conducted on teaching presence (Caskurlu, Maeda, Richardson, &
Lv, 2020). Caskurlu et al. found a moderately strong correlation between teaching
presence and both satisfaction and perceived learning.
2.8 Summary
As demonstrated in this literature review, there are many unanswered questions re-
garding online introductory simulation-based statistics courses. Thus, in the following
chapter, the course at the University of Nebraska is described, along with the methods




Before considering the research conducted on the online introductory statistics course,
I describe the design and implementation of the course itself. I begin by discussing
the overarching goals of the course, as well as the specifics of the design of the online
version. I also discuss the mode of learning, assignments, feedback, and exams. Fol-
lowing this, I break down the components of the intervention. Next, the participants
are described. The materials are next described, followed by ethical considerations




Statistics 218 is a three-credit hour non-calculus based introductory statistics course
offered at the University of Nebraska-Lincoln. The primary goal of the course is to
help students develop statistical literacy and reasoning skills. This course is often
referred to as “Stat 101” in the literature. There are no prerequisites; therefore,
students come into this course with varying levels of mathematical and statistical
knowledge. This course is not required for all majors; however, this course is a
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prerequisite for a few classes on campus. Additionally, this course can fulfill the
ACE 3 outcome (Achievement-Centered Education Outcome) at UNL, relating to a
quantitative reasoning requirement for all UNL students. ACE-3 outcome courses
have the following goal: “use mathematical, computational, statistical, logical or
formal reasoning to solve problems, draw inferences, justify conclusions and determine
reasonableness” (University of Nebraska-Lincoln, 2020).
This course is designed to adhere to best practices based on the GAISE recom-
mendations, which were first developed in 2005 (Aliaga et al., 2005). The GAISE
recommendations were updated in 2016 (GAISE College Report ASA Revision Com-
mittee, 2016). The recommendations remained fairly consistent over the years, and
Statistics 218 addresses all the recommendations in the updated guidelines. In the fol-
lowing list, each recommendation from the updated guidelines are stated (exactly as
it appears in the official guidelines; GAISE College Report ASA Revision Committee,
2016, p. 3), along with how each recommendation is typically addressed:
 Teach statistical thinking: This is addressed in many ways and is a core ele-
ment of Statistics 218, but I will discuss the most consistent method of address-
ing this recommendation. Instructors emphasize a six-step method of statistical
investigation from the required textbook – Introduction to Statistical Investi-
gations by Tintle et al. (2016). The steps, as stated in the textbook, are to
ask a research question, design a study and collect data, explore the data, draw
inferences beyond the data, formulate conclusions, and look back and ahead.
Most scenarios and problems students encounter in the course use this six-step
process to think about the study from beginning to end.
 Focus on conceptual understanding- This recommendation is addressed
by focusing minimally on computations but instead focusing on the underlying
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statistical concepts. For example, frequently questions will ask students to
interpret what the p-value represents (i.e., the probability of obtaining...).
 Integrate real data with a context and purpose- This recommendation is
addressed by using almost exclusively real-world data for scenarios in the course.
Tintle et al. (2016)’s textbook aids in addressing this recommendation as nearly
all data are drawn from previous studies and events. Additionally, students are
typically asked to think about the context and breadth of the conclusions to
situate the problem in terms of real-world applications.
 Foster active learning- Active learning is addressed in several ways, but one
key component is that lectures are typically minimal, including in the face-to-
face sections. Students instead often work in pairs and groups on activities.
Additionally, tactile simulations (e.g., flipping a coin 10 times) are incorporated
at several points during the term.
 Use technology to explore concepts and analyze data- Technology is a
core component of this course. Most analyses involve an interactive applet that
will conduct a simulation for the students. This provides more time for the
instructors to spend interpreting the conclusion and looking ahead to future
studies.
 Use assessments to improve and evaluate student learning- This rec-
ommendation is addressed quite differently by each instructor of Statistics 218;
however, some common assessments that are incorporated are article critiques,
quizzes, and exams with open-ended questions, and written in-class or daily
activities that instructors provide feedback on.
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Approximately 550 students enroll in the course in an average term, with typical
enrollment for a single section ranging from 30 to 150. Since there is high enrollment
in the course, there are often around a dozen sections of this course each term. Both
faculty and graduate students teach this course, and graduate students may teach
two sections of 218 in a single term. Typically, the larger sections (90 students and
above) are taught by faculty. Each instructor has the freedom to change a few aspects
of the course. To begin with, syllabi vary between sections. Instructors choose their
own attendance, homework, and examination policies and structures. Each instructor
can also choose the components that factor into students’ grades and the weighting
of these components (e.g., in-class participation (10%), homework (10%), project
(20%), exams (60%)). Additionally, instructors choose their own course schedule and
daily activities; however, instructors typically incorporate active and peer learning,
real-world data sets, and tactile simulations within their classes.
While instructors have quite a bit of freedom in their course, there is required
content that all instructors must teach: collection of data, probability, statistical
inference, estimation, and hypothesis testing. There is also a required textbook that
all instructors use and require students to purchase (Tintle et al., 2016). This book
focuses on simulation-based inference, as well as a basic introduction to theoretical
approximations. The following topics are usually covered from the textbook: single
proportion, single mean, two proportions, two independent means, paired designs,
and simple linear regression.
Statistics 218 sections typically start by covering one proportion problems such as
answering the question: is the coin fair? In this section, students are introduced to
standardized statistics and p-values to draw conclusions. Next, students use similar
methods but move into one mean scenarios such as answering the question: is the
normal body temperature 98.6 degrees Fahrenheit? Next, students are introduced to
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confidence intervals using one proportion and mean problems. After finishing these
sections, students are introduced to problems involving comparisons of two groups.
Students first compare two proportion problems such as answering the question: does
a placebo or drug result in a higher rate of remission in cancer patients? Students
use multiple methods to investigate problems like these such as p-values, standard-
ized statistics, and confidence intervals. Next, students use the same methods but
move into two independent mean problems such as: do basketball or football play-
ers typically retire at younger ages? Next, students investigate paired designs such
as answering questions like: do individuals experience a higher number of side ef-
fects on the placebo compared to the treatment when every individual is given both
treatment? Students finish the term by exploring problems involving simple linear
regression such as: is there a relationship between the height and weight of humans?
In total, there are eight chapters (1-7 and 10) in Tintle et al. (2016) that are typically
covered in all sections of Statistics 218.
3.1.2 Course Structure
The setting of the study was distance non-calculus based introductory statistics
courses at the University of Nebraska-Lincoln from Fall 2018 to Fall 2020, exclud-
ing Spring 2020. Spring 2020 was excluded due to the COVID-19 pandemic. This
course was offered each term with a maximum enrollment of 90. Each term there
were either three or four instructors of the course. Three of the instructors were con-
sistent throughout the entire study. There was a fourth instructor some terms, and
the fourth instructor was not consistent. Each term, the course was asynchronous but
not self-paced. The term was laid out in terms of weeks and days on Canvas (typi-
cally Monday, Wednesday, and Friday; Instructure, Inc, 2021). Each week, one of the
instructors posted a weekly overview video detailing the topics of the week, as well
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as typically discussing any due dates. Figure 3.1 is the schedule of an example week
from Fall 2020, and Figure 3.2 is a screen capture for Week 1’s weekly introduction
video.
Figure 3.1: Timeline for research requirements
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Figure 3.2: Example of a weekly introduction video
Since this was a distance course, there were no required face-to-face meetings
between the instructors and students. Each weekday (besides holidays or breaks)
instructors of the course held office hours. Students could choose to meet face-to-face
or virtually via Zoom (Zoom Video Communications, Inc., 2021) during Fall 2018,
Spring 2019, and Fall 2019; however, students could only meet with the instructors
virtually during Fall 2020 due to the COVID-19 pandemic. Much of the communi-
cation between instructor and students occurred on discussion boards. Each week,
instructors published a new discussion board for the entire class. All non-grade re-
lated questions were required to be posted here. If students emailed instructors with
non-grade related questions, the instructors encouraged the student to post on the
discussion board. Instructors monitored the board daily between the hours of 8 AM
to 8 PM and generally responded to students within two hours; however, students
were encouraged to respond to each other’s questions as well. To encourage respond-
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ing, the student with the first correct response was awarded one extra credit point
toward the participation category of their grade.
3.1.3 Course Activities
The primary mode of learning in the distance course was reading and working through
assignments, with videos posted for more challenging topics. Based on research sug-
gesting students are more engaged with shorter videos (Guo, Kim, & Rubin, 2014),
these videos were typically relatively short (less than 10 minutes long). On a typical
course day, students were required to read a section of the textbook and complete
homework assignments related to this reading. Material assigned was generally due
the following “course day.” This gave students between two and three days to com-
plete these activities. This course covered Chapters 1 through 7 and 10.
Common assignments were machine-graded questions, exploration assignments,
and data collection. The machine-graded questions primarily consisted of multiple
choice and numeric answers. Students were given three attempts on each question.
They were immediately told whether they were correct, and the last attempt was
recorded.
For the exploration assignments, students were asked incremental questions lead-
ing them through the statistical process using one overarching research problem
(Tintle et al., 2016). An example of a research problem involved asking whether
yawning is contagious. Some of the incremental questions in this scenario were:
stating the hypotheses, calculating the observed statistic, calculating the confidence
interval and p-value, stating the conclusion in context, identifying limitations and
potential future studies. On exploration assignments, students were typically given
credit based on completion. Feedback was provided to students in two common ways.
The first was by selectively grading questions, meaning instructors of this course se-
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lected and provided feedback on between three to five questions that were identified
as most important for that section. The second method was by an instructor created
video walking students through the activity.
Lastly, students submitted their own data several times throughout the term. Stu-
dents were awarded full points if they submitted the data. Often, these submissions
were intended to help students develop an intuition on simulated null distributions.
For example, when introducing students to p-values, we asked students to stimulate
a null distribution when the hypothesized proportion was 0.50. To do this, we had
students flip a coin 16 times (as the sample size in the initial scenario was 16). We
then collected all the student data and showed the simulated null distribution in a
short video.
There were also several assignments which involved group work. Most chapters
had an end of chapter assignment, referred to as an investigation (Tintle et al., 2016).
These were similar to explorations but focused on content from the entire chapter.
Students were typically given about a week to complete these in their groups. Students
were able to use the Canvas Group page to complete and discuss these assignments,
as well as complete these assignments on their platform of choice (like GroupMe) or
meet face-to-face or virtually with their group. Instructors selectively graded between
five to eight of these questions for correctness, and an investigation was worth twice
as many points as an exploration.
There was also a project in this course, referred to as the Article Critique Assign-
ment. A component of the assignment involved group work. This assignment required
students to examine an article, either from popular press or a peer reviewed research
study, by summarizing the study and identifying strengths and limitations. Students
were given between three to five options for articles to critique. This assignment
spanned several weeks throughout the term and had several incremental steps. To
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begin with, participants were given an example of a “good” and “bad” critique and
asked to discuss these critiques within their group on their Canvas discussion board.
They were then asked to write a draft critique for a different article. Members within
their group provided feedback on the drafts before submitting the final paper. Part
of students’ grades consisted of giving group members meaningful feedback.
There were also five quizzes in the course. The first four quizzes were similar
to the exercise assignments, as all of the questions were machine-graded. Unlike
the exercise assignments though, questions covered material from multiple chapters.
Students were also only given one attempt on each question. The final quiz of the
semester was a modified version of the Comprehensive Assessment of Outcome in a
First Statistics Course (B. Chance, personal communication, July 8, 2020; Chance et
al., 2016; N. Tintle, personal communication, June 17, 2020).
In addition to assignments and quizzes, students were required to complete two
exams. During Fall 2018, Spring 2019, and Fall 2019, students took the exams at
the digital testing center on campus if their mailing address was within 35 miles of
campus. If participants were outside of this radius, they had the option to find a
proctor to administer their exams. Qualified proctors included librarians, teacher
or administrator at any level, counselor, etc. Students were allowed 90 minutes to
complete the exams once started and were given a two-day period in which to take the
exam. The exam consisted of multiple choice, true/false, and matching questions, as
well as short answer questions based on overarching scenarios. The instructors hand-
graded the short answer questions within a couple weeks of the exam, and students
could go over the exam by appointment with one of the instructors.
The administration and exam formats were different in Fall 2020. During Fall
2020, students were able to take the exams on their own computers, without any
proctoring software, during a two-day period. The exams consisted of two parts. The
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first part was timed (30 minutes and 45 minutes for Exam 1 and 2, respectively)
and consisted of multiple choice, true/false, and matching questions (i.e., entirely
machine-graded questions). The second part contained only open-ended and numeric
questions and was not timed. Exam grading for the second part stayed consistent
with previous terms.
3.1.4 Connection to Community of Inquiry
The Community of Inquiry framework and its interconnected components informed
the design of the course. In the following paragraphs, several of the ways the course
addressed the framework are discussed.
To begin, each instructor created a short video introducing themselves at the start
of the term, with the goal of providing an opportunity to start building social presence
within the course. The instructors of the course also recorded videos introducing each
week and module to help students navigate the course and understand challenging
material; these videos also allowed students to observe the affective expressions of
the instructors. The instructors also made sure to have strong organization within
Canvas (e.g., providing an announcement each week with office hours for the following
week and designing a module page where most course content was a click away).
One of the most fundamental aspect of the course delivery was the use of discus-
sion boards, which were designed to facilitate teaching, social, and cognitive presence.
In the first module of the course (i.e., the “Start Here” Module), the instructors cre-
ated Netiquette guidelines for the course, helping to set the climate of the course and
provide guidance for participating in online discussions. The primary goal of the dis-
cussion boards was to provide opportunities for students to talk through challenging
course content and learn from one another; therefore, student-student interactions
were encouraged. The instructors of the course facilitated discourse if needed due to
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misunderstandings or lack of student participation.
The instructors also made sure to be conscious of content and activity selections
for the course (i.e., striving to incorporate statistical skills and real-world problems
that were relevant and interesting to students). One activity that highlighted this was
the article critique assignment. This assignment was developed to focus on the most
important statistical concepts and skills that students should gain during the term.
Instructors also provided students with options for articles, and these options were
selected based on topics that the instructors believed students would find interesting.
The article critique assignment, as well as other course assignments, involved
group work. The rationale for requiring group work in this asynchronous course was
to support social presence and help students develop relationships with other students
in the class. It also provided an opportunity for students to learn from one another
and ideally work through the phases of critical thinking together. On these group
activities, as well as other assignments, the instructors were available when needed.
They responded quickly to questions (both content and logistic related) and typically
provided feedback to students within a week of submission.
3.2 Intervention Package
Previous research suggests that interactions between the instructor and students are
important (e.g., Swan, 2001; Joosten et al., 2019; Sher, 2009); however, based on
preliminary results, we did not observe a relationship between performance and per-
ceptions of instructor-student interactions. Thus, we designed an intervention to
explore this further, with the underlying goal of increasing the social, cognitive, and
teaching presence within the course. This intervention was administered during Fall
2019 and 2020 to explore if the intervention impacted student outcomes. This in-
50
tervention had four components: weekly emails, Zoom Meeting Assignment, review
sessions, and targeted emails. Each component is discussed below.
3.2.1 Zoom Assignment
During the first two weeks of the term, students were required to meet with one of the
instructors virtually for a Zoom Meeting Assignment. This assignment required that
students sign-up for a five-minute time slot (via a Google Sheet) and log onto Zoom
(Zoom Video Communications, Inc., 2021). The instructor had their video camera
and microphone turned on for this meeting. The instructors typically incorporated
both non-verbal and verbal immediacy behaviors, such as smiling and addressing
students by name. The instructor then had a short conversation with the student
and commonly asked questions about any fears or concerns for the upcoming term.
The instructors may have also shown features of Zoom such as the screen sharing
capabilities. Instructors were able to verify that students could successfully join a
Zoom meeting, while also providing an opportunity to get to know the students and
demonstrate features of Zoom that assist online meetings. Therefore, this assignment
supported both teaching and social presence.
3.2.2 Weekly Emails
Each week, one of the instructors of the course posted a weekly introduction email
through the Canvas message system on Monday, as well as the first post on the weekly
discussion board (typically on the Friday before). These emails were independent of
the weekly introduction videos, which went over logistics for the week. These weekly
emails usually did not discuss logistics of the course, instead inviting more casual
conversation. Some of the common topics discussed were current events in the world
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or hobbies and encouraged students to respond to the post. An example of a weekly
email is:
Welcome to Week 15! I can’t believe we are so close to the end of the
term. I hope you all had a great Thanksgiving break.
Over the last couple of weeks, there has been a considerable amount of
news focusing on Tesla’s Cybertruck. When I first saw the vehicle (and
even still), I was quite shocked at the appearance. What do you think of
the truck? Do you think that it’ll give the Ford F-150 some competition?
The goal of these emails was to support social presence of both the students
and instructors by encouraging conversation between students, as well as with the
instructors, as often happens before and after traditional face-to-face class meetings.
3.2.3 Review Sessions
There were two exams in the class. Before each exam, there were two optional review
sessions. During Fall 2019, one review session was midday and virtual, while the
other was during the evening and face-to-face; however, in Fall 2020, both review
sessions were virtual due to the COVID-19 pandemic. The dates of these review
sessions were posted in the syllabus, as well as the location for the face-to-face review
session. Students were reminded of them a week before the sessions and asked to
submit lingering questions they wanted to address during these sessions as well. The
review sessions were student driven. The goal was to answer students’ questions and
address challenging concepts. There were two different structures of these review
sessions. One structure involved participants creating a list of topics and grouping
these topics. The other structure was working through a couple example problems as
a group. Throughout the sessions, regardless of structure, students were encouraged
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to be active participants throughout the discussion and ask any questions that arose.
Questions commonly related to content as well as logistics questions about the exams.
These sessions provided an opportunity to support instructor teaching presence, as
well as student cognitive presence.
The attendance of these sessions varied term to term, but the average attendance
for Exam 1 was 11 and 5 for the evening and midday sessions, respectively. The
average attendance for Exam 2 was 8.5 and 6 for evening and midday sessions, re-
spectively. Refer to Table 3.1 for the attendance per term.
Exam 1 Evening Email 1 Midday Exam 2 Evening Exam 2 Midday
Fall 2019 13 6 11 5
Fall 2020 9 4 6 7
Table 3.1: Review sessions attendance for each term
3.2.4 Targeted Emails
The last component of the intervention was targeted emails, which supported teaching
presence. Three times throughout the term, the instructor reached out to students
who met specific criteria to encourage them to engage with the material and submit
work on-time. These emails were sent individually and addressed students by name.
Additionally, these emails encouraged students to reach out to the instructors for
help. These emails supported instructor teaching presence.
The first set of targeted emails was sent out after quiz one. There were two
separate emails, depending on the criteria met. One scripted email was sent to those
who did not take the quiz entirely. The other scripted email was for those who scored
below 70% on the quiz and had less than an 80% on-time competition rate in the
course. Refer to Appendix A.1 for the content of the emails. The number of emails
sent out for varied term to term; refer to Table 3.2 for the number for each criterion
53
per term.
The second set of targeted emails was sent out leading up to the second quiz. The
email sent was to those who had less than a 70% overall grade and had less than an
80% on-time competition rate in the course. Refer to Appendix A.2 for the content
of the email. The number of emails sent was 10 for both Fall 2019 and Fall 2020.
The final set of targeted emails was sent out after the third quiz. The email was
sent to those who had less than a 60% overall grade and had less than a 70% on-time
competition rate in the course. Refer to Appendix A.3 for the content of the email.
The number of emails sent was 8 for both Fall 2019 and Fall 2020.
Email 1- Criteria 1 Email 1- Criteria 2 Email 2 Email 3
Fall 2019 5 10 10 8
Fall 2020 6 8 10 8
Table 3.2: Number of targeted emails for each term
3.3 Participants
Research participants were 277 undergraduate students enrolled in a distance intro-
ductory statistics course who were enrolled in the first thirteen weeks of the term or
who completed the SATS pre-test during Fall 2018, Spring 2019, Fall 2019, and Fall
2020. Participants in Spring 2020 were excluded due to the COVID-19 pandemic.
Participants who were under 19 years old were excluded from the study, based on the
age of majority in Nebraska. A total of 126 students were excluded due to missing or
inaccurate data or age.
For the 151 remaining participants, participants’ ages ranged from 19 to 60, with
an average of 21.09 and standard deviation of 4.66. Approximately, 64% of par-
ticipants were females and 36% males. Most of the participants in the study were
Caucasian (90%), with other races having the following representation: Asian (3%),
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Black or African American (1%), Native Hawaiian or Other Pacific Islander (1%),
multiple races (1%), and unknown or preferred not to answer (4%). Additionally,
approximately 7% identified as Hispanic, whereas 93% did not identify as Hispanic.
Similarly, English was not the first language for about 7% of participants. Refer to
Table 3.3 for demographic information by term.
Participants’ GPAs ranged from 1.6 to 4, with an average of 3.41 and standard
deviation of 0.41. Approximately 7% were enrolled part-time or less, and 93% were
enrolled at least full-time. A majority of the participants in the study were seek-
ing a bachelor’s degree (94%). However, 2% and 3% were seeking an associates and
graduate degree, respectively, and 1% of participants were not seeking a degree. Par-
ticipants’ earned credits ranged from 3 to 150, with an average of 62.29 and standard
deviation of 32.93.
A majority of participants worked part-time (72%), and approximately 21% and
7% were unemployed and full-time, respectively. Participants’ work hours ranged
from 0 to 45, with an average of 15.41 and standard deviation of 11.27. Refer to
Table 3.3 for student and employment information by term.
3.4 Ethical Considerations
Since this study involves human subjects, before any part of the study was conducted,
a proposal was submitted to and approved by the Human Subjects Institutional
Review Board of the University of Nebraska-Lincoln. All students enrolled in the
distance statistics course each term were invited to participate in research at the
beginning of the term by the instructor through a Canvas message. They were directed
to complete an Informed Consent, located in a Canvas survey. They were informed






















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































informed that a portion of the research would involve normal coursework while another
part would involve surveys. Refer to Appendix B for the content of the informed
consent.
Participants were also informed that they could choose not to participate or with-
draw from the study at any point without any consequences. If they chose to not
participate or withdrew from the study, students were given the option to complete a
short alternative project to earn equivalent extra credit (see Appendix C for the
project description). Extra credit was given strictly based on completion of the
project. Instructors were not informed if the extra credit was a result of the project
or research.
3.5 Materials
A variety of materials were used in this study, some of which were part of normal
coursework such as course grades and a modified version of the Comprehensive As-
sessment of Outcome in a First Statistics Course (pre-test and post-test; B. Chance,
personal communication, July 8, 2020; Chance et al., 2016; N. Tintle, personal com-
munication, June 17, 2020). There were also three surveys administered outside of
normal coursework, which were SATS-36 pre-test and post-test (Schau, 2003a, 2003b)
and select sub-scales of the DETA Survey (Joosten & Reddy, 2015). Each are de-
scribed in this section.
3.5.1 Final Course Grade
The final course grade was made up of five parts with the following weights for each
component: Exam 1 (20%), Exam 2 (20%), Quizzes (25%), Article Critique (10%),
and Homework (25%). The final course grade was calculated before factoring the extra
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credit for choosing to participate in the study. Final course grades were measured
between 0− 1 (i.e., 0− 100%).
3.5.2 Distance Education and Technological Advancements Survey
The DETA Research Toolkit is a packet with many different scales relating to distance
courses, built by consulting experts and engaging in a literature review (Joosten &
Reddy, 2015). In this research study, nine of the sub-surveys were selected, as well
as some demographic questions. These relate to a wide array of aspects about the
course and students. All sub-scales were measured on a five-point Likert scale.
3.5.2.1 Learner Readiness
There were two sub-scales related to learner characteristics: online learning efficacy
and self-directedness. These questions were measured on a five-point scale from
“Strongly disagree” to “Strongly agree.”
 Online learning efficacy (7 items) measures a “student’s self-reported beliefs
about online learning” (Joosten & Reddy, 2015, p. 113), such as whether it is
as effective as traditional learning, with a Cronbach’s alpha of 0.78 (Joosten &
Cusatis, 2020). Example questions for this sub-scale are “Learning is the same
in class and at home online” and “I could pass a course online without any
teacher assistance” (Joosten & Reddy, 2015, pp. 74-75).
 Self-directedness (15 items) measures a “student’s self-reported belief about
their initiative and ability to be self-directed” (Joosten & Reddy, 2015, p. 113),
with a Cronbach’s alpha of 0.89 (Joosten & Cusatis, 2020). Example questions
are “I regularly learn things on my own outside of class” and “I like to be in
charge of what I learn and when I learn it” (Joosten & Reddy, 2015, p. 75).
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3.5.2.2 Instructional Characteristics
There were two sub-scales related to instructional characteristics: interactivity with
instructor and peer. These interactions between instructor and peers were measured
on a five-point scale from “Strongly disagree” to “Strongly agree.”
 Interactivity with instructor (19 items) measures a student’s perspective of in-
teractivity with their instructor provided by course delivery and design, with a
Cronbach’s alpha of 0.966 (T. Joosten, personal communication, November 8,
2019). Example questions are “I received information on my instructor’s avail-
ability (e.g., office hours) and turnaround time for email” and “The feedback I
received from the instructor was detailed and meaningful” (Joosten & Reddy,
2015, p. 85).
 Interactivity with peers (11 items) measures a student’s perspective of interac-
tivity with their peers provided by course delivery and design, with a Cronbach’s
alpha of 0.874 (T. Joosten, personal communication, November 8, 2019). Ex-
ample questions are “I had the opportunity to introduce myself to others” and
“Learning activities facilitated and supported learning that was active, encour-
aging frequent and ongoing engagement with other students” (Joosten & Reddy,
2015, p. 86).
3.5.2.3 Learner Behaviors and Perceptions
There were three sub-scales focusing on students’ behaviors and perceptions: interac-
tivity, active learning behaviors, and engagement. Questions about interactivity and
active learning behaviors were measured on a five-point scale from “Never” to “Very
often.” Questions for the engagement sub-scale were measured on a five-point scale
from “Strongly disagree” to “Strongly agree.”
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 Interactivity (16 items) measures a “student’s self-reported communication be-
haviors interacting with the instructor or other students” (Joosten & Reddy,
2015, p. 119), with a Cronbach’s alpha of 0.981 (T. Joosten, personal commu-
nication, November 8, 2019). These questions asked students how often they
performed certain tasks such as “Send email to your instructor” and “Post to
the course discussion board” (Joosten & Reddy, 2015, p. 89).
 Active learning behaviors (19 items) measures a student’s perspective of their
learning behaviors, with a Cronbach’s alpha of 0.899 (T. Joosten, personal com-
munication, November 8, 2019). These questions asked students how often they
performed certain tasks such as “Generate questions from readings or lecture”,
“Help explain course ideas or concepts to other students”, and “Use a variety of
digital media (e.g., video, audio, images)” (Joosten & Reddy, 2015, pp. 89-90).
 Engagement (21 item) measures a student’s perspective of their emotional in-
volvement, immersion, intellectual curiosity, and attention to the academic
challenges, course activities, and course community, with a Cronbach’s alpha
of 0.971 (T. Joosten, personal communication, November 8, 2019). Example
questions are “I was attracted to the learning activity”, “The class held my
attention”, and “The class excited my curiosity” (Joosten & Reddy, 2015, p.
94).
3.5.2.4 Outcomes
There were two outcome sub-scales: students’ perceived learning and satisfaction.
These were measured on a five-point scale from “Strongly disagree” to “Strongly
agree.”
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 Students’ perceived learning (10 items) has an associated Cronbach’s alpha
of 0.904 (T. Joosten, personal communication, November 8, 2019). Example
questions are “The class allowed me to better understand concepts” and “The
class helped me think more deeply about course material” (Joosten & Reddy,
2015, p. 97).
 Students’ satisfaction with the course (13 items) has an associated Cronbach’s
alpha of 0.824 (T. Joosten, personal communication, November 8, 2019). Ex-
ample questions are “Participating in this online course was a useful experience”
and “I would avoid classes that are online in the future” (reverse coded; Joosten
& Reddy, 2015, pp. 97-98).
3.5.3 Modified Comprehensive Assessment of Outcomes in a First Statis-
tics Course
CAOS is a validated 40-question assessment for students’ statistical understanding in
an algebra-based introductory statistics course and has a corresponding Cronbach’s
alpha coefficient of 0.82 on the post-test (delMas et al., 2007). There have been
modifications made to this assessment over the years (Chance et al., 2016; Tintle
& VanderStoep, 2018), and the reliability and validity of a 32-question modified
version were examined (Tintle & VanderStoep, 2018). The modified version had some
questions removed that were not discriminating among students (Chance et al., 2016).
There were two primary indicators of poor discrimination (Tintle & VanderStoep,
2018). The first was if most students were getting the question correct on the pre-
test. The second indicator was if many students were getting the question incorrect on
both the pre-test and post-test. Other questions were added (e.g., more questions on
statistical inference), while some questions were reworded (e.g., those about sample
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size and generalization) (Chance et al., 2016; Tintle & VanderStoep, 2018). The
modified version was reviewed by a Randomization Based Curriculum Developers
group to ensure validity (Chance et al., 2016).
This 32 question CAOS can be reduced into 24 questions “by collapsing highly-
related questions resulting from the same question stem” (Tintle & VanderStoep,
2018). These 24 unique questions can be grouped into five different categories: data
collection and scope (4 items), descriptive statistics (5 items), confidence intervals
(5 items), significance (7 items), and simulation (3 items). Tintle and VanderStoep
(2018) explored reliability of both the pre-test and post-test for the 24-question ver-
sion. The Cronbach’s coefficients of the entire pre-test and post-test are 0.47 and
0.64, respectively. The reliability for each of the sub-scales are listed in Table 3.5.
Notice that the reliability for each of the sub-scales are much lower than the overall
reliability. This is unsurprising since the overall test has a larger number of questions.
Pre-test Post-test
Data collection and scope −0.03 0.15
Descriptive statistics 0.36 0.41
Confidence intervals 0.20 0.33
Significance 0.34 0.42
Simulation 0.16 0.19
Table 3.5: Reliability for each of the modified 24-question CAOS sub-scales
While reliability and validity of this 24-question version have been considered,
even more recently, a 33-question version of this assessment was created (B. Chance,
personal communication, July 8, 2020; N. Tintle, personal communication, June 17,
2020); however, there are no publications based on this version yet. The updated
33-question version was used in this study. This is the version I refer to when I state
“modified CAOS” throughout the rest of this study (unless otherwise specified). The
number of questions in each sub-scale of the modified 33-question CAOS are: data
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collection and scope (4 items), descriptive statistics (7 items), confidence intervals (7
items), significance (10 items), and simulation (5 items).
3.5.4 Survey of Attitudes Toward Statistics-36
SATS-36 (Schau, 2003a, 2003b) is a pre and post 36-item questionnaire focusing
on students’ attitudes toward statistics. The difference between the pre-test and
post-test is primarily the verb choice (e.g., “I plan to complete all of my statistics
assignments” versus “I tried to complete all of my statistics assignments” for pre and
post, respectively). There are six sub-scales investigated within this survey: affect,
cognitive competence, difficulty, effort, interest, and value. Definitions, an example
question from the post-test, and the associated Cronbach’s coefficient alpha are listed
below for each of the components:
 Affect (6 items) measures students’ “positive and negative feelings concerning
statistics” (Schau et al., 1995, p. 869). An example question from the post-test
is “I feel insecure when I have to do statistics problems.” The associated coeffi-
cient alphas are 0.81 and 0.85 for pre-test and post-test, respectively (Schau &
Emmioǧlu, 2012).
 Cognitive competence (6 items) measures “students’ attitudes about their in-
tellectual knowledge and skills when applied to statistics” (Schau & Emmioǧlu,
2012, p. 87). An example question from the post-test is “I can learn statistics.”
The associated coefficient alphas are 0.84 and 0.86 for pre-test and post-test,
respectively (Schau & Emmioǧlu, 2012).
 Value (9 items) measures students’ “attitudes about the usefulness, relevance,
and worth of statistics in personal and professional life” (Schau et al., 1995,
pp. 869-870). An example question from the post-test is “Statistics should be
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a required part of my professional training.” The associated coefficient alphas
are 0.87 and 0.90 for pre-test and post-test, respectively (Schau & Emmioǧlu,
2012).
 Difficulty (7 items) measures “students’ attitudes about the difficulty of statis-
tics as a subject” (Schau et al., 1995, p. 870). An example question from the
post-test is “Statistics is a subject quickly learned by most people.” The associ-
ated coefficient alphas are 0.76 and 0.79 for pre-test and post-test, respectively
(Schau & Emmioǧlu, 2012).
 Interest (4 items) measures “students’ level of individual interest in statistics”
(Schau & Emmioǧlu, 2012, p. 87). An example question from the post-test is
“I am interested in understanding statistical information.” The associated co-
efficient alphas are 0.89 and 0.91 for pre-test and post-test, respectively (Schau
& Emmioǧlu, 2012).
 Effort (4 items) measures the “amount of work the student expends to learn
statistics” (Schau & Emmioǧlu, 2012, p. 87). An example question from the
post-test is “I worked hard in my statistics course.” The associated coefficient
alphas are 0.81 and 0.77 for pre-test and post-test, respectively (Schau & Em-
mioǧlu, 2012).
In addition to the attitude questions, demographic information was also collected
on the pre-test such as age, sex, major, GPA, and number of math and statistics
courses completed in high school and college.
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3.6 Procedure
At the beginning of the term (Fall 2018, Spring 2019, Fall 2019, and Fall 2020),
all students enrolled in the course were invited to participate in the research and
directed to the informed consent. Students completed an informed consent via a
Canvas survey. The alternative project description was available for students to view
at the same time as the informed consent.
Regardless of participation in the study, the modified pre-CAOS was due as part
of normal coursework on the day or two after the last day in the term to add and
drop the course. This was not a timed quiz. Once finished, students submitted the
quiz to Canvas; however, they were not told which questions were answered correctly
and were automatically given full credit for completing the pre-test.
For those choosing to participate, within a couple of days of the last day to add and
drop, the pre-SATS-36 was made available to participants by an outside collaborator.
Participants were given approximately a week to complete the survey. This survey
was administered to the students as a Qualtrics survey. They were provided a link
to the survey. Participants were sent a reminder about this survey if they had not
completed it a couple of days before it was due. The course then continued as normal
until the end of the term.
Regardless of the research involvement, the modified post-CAOS was given as a
final quiz during the last week of class to all students. The structure was similar to
the pre-CAOS, except this quiz was graded for accuracy. Around the same time, the
SATS-36 post-test and DETA survey were made available to participants by the same
outside collaborator. Participants were given approximately a week to complete these
activities. Each survey was located on Qualtrics and separate links to each survey
were sent to participants. Participants were sent a reminder about these surveys.
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Alternative projects were due at the same time as the two final surveys. The outside
collaborator provided a list to the instructors of who should receive extra credit but
not whether it was a result of the project or surveys. Refer to Table 3.3 for an
overview of the typical timeline for the research requirements.
Figure 3.3: Timeline for research requirements
3.7 Data Analysis
In the following sub-sections, analysis methods are described. In these analyses,
the effect of the intervention on student outcomes was examined, as well as the
relationship between student characteristics, student behaviors and perceptions, and
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instructional characteristics and student outcomes.
To account for students being nested within terms, Bayesian hierarchical models
were used to investigate how both term and student-level factors influenced student
outcomes. Specifically, I conducted Bayesian Markov Chain Monte Carlo (MCMC)
methods to fit each model using the package ‘rjags’ (Plummer, 2019) and ‘coda’
(Plummer, Best, Cowles, & Vines, 2006) in RStudio 1.3.1093 (RStudio Team, 2020)
using R version 4.0.3 (R Core Team, 2020).
The following outcomes were considered independently:
 Course performance (Final course grade; range: 0− 1)
 Satisfaction (average score of the 13 questions from the Satisfaction sub-scale
on DETA)
 Perceived learning (average score of the 10 questions from the Learning sub-scale
on DETA)
 Conceptual gains (Post-test proportion correct on the modified CAOS - pre-test
proportion correct on the modified CAOS)
 Post-affect (average score of the 6 questions from the affect sub-scale on post-
SATS)
 Post-cognitive competence (average score of the 6 questions from cognitive com-
petence sub-scale on post-SATS)
 Post-value (average score of the 9 questions from value sub-scale on post-SATS)
 Post-difficulty (average score of the 7 questions from difficulty sub-scale on
post-SATS)
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 Post-effort (average score of the 4 questions from effort sub-scale on post-SATS)
 Post-interest (average score of the 4 questions from interest sub-scale on post-
SATS)
Descriptive statistics were also summarized to investigate whether there was a
change in students’ attitudes toward statistics between the beginning and end of the
term, as well as gains in conceptional understanding.
3.7.1 Item Nonresponse
Before analyzing the data, item nonresponse was calculated on each survey. Since
question nonresponse was minimal, the average of the respective sub-scale for a par-
ticipant was imputed for question nonresponse on sub-scales of DETA and SATS-36.
Refer to Table 3.6 for the number of item nonresponses per survey for each term.
Fall 2018 Spring 2019 Fall 2019 Fall 2020
n = 38 n = 30 n = 45 n = 38
Pre-SATS
None 30 (100.00%) 45 (100.00%) 38 (100.00%)
One 0 (0.00%) 0 (0.00%) 0 (0.00%)
Post-SATS
None 29 (96.67%) 43 (95.56%) 37 (97.37%)
One 1 (3.33%) 2 (4.44%) 1 (2.63%)
DETA
None 31 (81.58%) 22 (73.33%) 34 (75.56%) 38 (100.00%)
One 7 (18.42%) 6 (20.00%) 9 (20.00%) 0 (0.00%)
Two 0 (0.00%) 2 (6.67%) 1 (2.22%) 0 (0.00%)
Three 0 (0.00%) 0 (0.00%) 1 (2.22%) 0 (0.00%)
Zero indicates all questions were answered. Non-zero indicates the number of items left blank.
Table 3.6: Number of item nonresponses per survey for each term
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3.7.2 Course Performance Model
Consider the beta distribution parameterized in terms of the mean (µ) and precision
(φ) as follows:




 0 < µ < 1
 φ > 0
 φ is considered the precision parameter since E(y) = µ and V ar(y) = µ(1−µ)
1+φ
(Figueroa-Zúñiga, Arellano-Valle, & Ferrari, 2013).
Each student’s final grade was modeled independently using a beta distribution,
with a mean and precision parameter. The precision in responses was modeled as
the same for students within the same term (or section) but possibly different among
students across terms, and the intercepts vary each term. Additionally, conditional
independence was assumed here; given the intercept of the term, student final grades
were independent within that term. The corresponding model for a final grade was:
yijk|µijk, φij ∼ beta(µijkφij, (1− µijk)φij). (3.1)








1 + exp(β0(ij) +X ijkβ)
.
Thus, Equation (3.1) can be rewritten as:
yijk|β0(ij), φij ∼ beta
(
exp(β0(ij) +X ijkβ)











 i = 1 or 2 (teaching method; control = 1, intervention = 2)
 j = 1 or 2 (term; Fall 2018 or Fall 2019 = 1, Spring 2019 or Fall 2020 = 2)
 k = 1, 2, 3, ...., Kij (where Kij represents the number of subjects in the jth term
for the ith teaching method)
 yijk represents the final grade for the kth student in the jth term for the ith
teaching method
 β0(ij) and φij represents the intercept and precision for the jth term and ith
teaching method
 Xijk represents a matrix of covariates.
The covariates for the kth participant in the jth term and ith teaching method
are described below. Note that the quantitative variables were standardized over all
students.
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 Xijk,Online learning efficacy- standardized average score of the 7 questions from the
online learning efficacy sub-scale on DETA
 Xijk,Self-directedness- standardized average score of the 15 questions from the self-
directed sub-scale on DETA
 Xijk,Peer interactions- standardized average score of the 11 questions from the peer
sub-scale on DETA
 Xijk,Interactivity behaviors- standardized average score of the 16 questions from the
interactivity sub-scale on DETA
 Xijk,Engagement - standardized average score of the 21 from the engagement sub-
scale on DETA
 Xijk,Active learning behaviors- standardized average score of the 19 questions from the
active learning behavior sub-scale on DETA
 Xijk,Age- standardized age
 Xijk,Earned credits- standardized number of credits earned at start of the term
 Xijk,Study hours- standardized number of hours spent studying outside of class
during a typical week
 Xijk,GPA- standardized GPA at the beginning of the term
 Xijk,Female- indicator variable for sex (male = 0, female = 1)
 Xijk,English first language- indicator variable for whether English is their first lan-
guage (no = 0, yes = 1)
 Xijk,Work hours- standardized average number of work hours per week
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 Xijk,Previous Online Course(s)- indicator variable for at least one previous online course
experience (no = 0, yes = 1)
 Xijk,Modified pre-CAOS- standardized proportion of correct answers on the modified
pre-CAOS







































The following prior distributions were selected:
βm ∼ Normal(0, 100) for m=1, 2, 3, ..., 15
β0(ij)|δ, ψ ∼ Normal(δ + ψTi, τ 2)
φij ∼ Gamma(0.01, rate = 0.01),
where
 δ represents the mean of final grades on the model scale of the control
 ψ represents the difference between the intervention and control mean on the
model scale
 T is a teaching method indicator (T1 = 0 and T2 = 1).
Non-informative prior distributions were chosen for every βm and φij. The distri-
butions for the hyper-priors were as follows:
ψ ∼ Normal(0, 10)
δ ∼ Normal(0, 10)
τ ∼ Half-Cauchy(0, 10).
A weakly-informative distribution was chosen for τ due to the small number of
terms observed (as recommended by Gelman, 2006). Similarly, weakly-informative
priors were chosen for ψ and δ.
3.7.3 Perceived Learning and Satisfaction Models
Perceived learning and satisfaction were modeled independently but with the same
model assumptions. Each student’s response was modeled independently using a
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normal distribution. Histograms of perceived learning and satisfaction were examined,
along with summary statistics. These histograms indicated that assuming a normal
distribution for both satisfaction and perceived learning was reasonable. The mean
of the normal distribution depended on the course term and several covariates. The
variance in responses was modeled as the same for students within the same term but
possibly different among students across terms (following closely to Downey, 2017).
Additionally, conditional independence was assumed here; given the intercept of
the term, student responses were independent within that term. The corresponding
model for a response was:
yijk|β0(ij), σ2ij ∼ Normal(β0(ij) + Xijkβ, σ2ij), (3.3)
where
 i = 1 or 2 (teaching method; control = 1, intervention = 2)
 j = 1 or 2 (term; Fall 2018 or Fall 2019 = 1, Spring 2019 or Fall 2020 = 2)
 k = 1, 2, 3, ...., Kij (where Kij represents the number of subjects in the jth term
for the ith teaching method)
 yijk represent the response for the kth student in the jth term and ith teaching
method
 β0(ij) and σ
2
ij represents the intercept and variance for the jth term and ith
teaching method
 Xijk is the matrix of covariates, which is the same as Equation 3.2.
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The following prior distributions were selected:
βm ∼ Normal(0, 100) for m=1, 2, 3, ..., 15
β0(ij)|δ, ψ ∼ Normal(δ + ψT, τ 2)
σ2ij ∼ Inverse-Gamma(0.01, rate = 0.01),
where
 δ represents the mean response of the control
 ψ represents the difference between the intervention and control mean
 T is a teaching method indicator (T1 = 0 and T2 = 1).
Like the course performance model, non-informative prior distributions were cho-
sen for each βm and σ
2
ij. The distributions for the hyper-priors were as follows:
ψ ∼ Normal(0, 10)
δ ∼ Normal(0, 10)
τ ∼ Half-Cauchy(0, 10).
Again, similar to the hyper-prior distributions for the performance model, weakly-
informative distributions were chosen for τ , ψ, and δ.
3.7.4 Conceptual Gains
Descriptive statistics for all sub-scales (data collection and scope, descriptive statis-
tics, confidence interval, significance, and simulation) were explored for both pre-test
and post-test, as well as gains (post-pre) during the term, to investigate overall trends
in understanding.
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Histograms of the gains in the modified CAOS scores were also examined. These
histograms indicated that assuming a normal distribution for this response was rea-
sonable. The model follows closely to the model for perceived learning and satis-
faction. The model for change in modified CAOS only has the following difference:
instead of variances of 10 for the distributions of ψ, δ, and τ , the variances of these
hyper-prior distributions were 4. Thus, the distribution were as follows:
ψ ∼ Normal(0, 4)
δ ∼ Normal(0, 4)
τ ∼ Half-Cauchy(0, 4).
3.7.5 Attitudes
For this analysis, only participants who completed both the pre-SATS and post-SATS
during Spring 2019, Fall 2019, and Fall 2020 were included. Descriptive statistics of
all sub-scales (affect, cognitive competence, value, difficulty, interest, and effort) were
explored for both pre-test and post-test, as well as change (post-pre) during the term,
to investigate overall trends in attitudes.
In addition to the exploratory analysis, Bayesian hierarchical models were con-
ducted independently for attitudes at the end of the term for each sub-scale (e.g.,
one model for post-affect and another for post-interest). The histograms indicated
that assuming normal distributions for all sub-scales was reasonable. The models for
the post attitudes sub-scales were the same as the models for perceived learning and
satisfaction, except each of these models had an additional covariate. The covariates
for the models were as follows:
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 Post-affect model:
– Xijk,Pre-affect - standardized average score of the 6 questions from the affect
sub-scale on pre-SATS
– β16 ∼ Normal(0, 100)
 Post-cognitive competence model:
– Xijk,Pre-cognitive competence - standardized average score of the 6 questions from
cognitive competence sub-scale on pre-SATS
– β16 ∼ Normal(0, 100)
 Post-value model:
– Xijk,Pre-value - standardized average score of the 9 questions from value
sub-scale on pre-SATS
– β16 ∼ Normal(0, 100)
 Post-difficulty model:
– Xijk,Pre-difficulty - standardized average score of the 7 questions from diffi-
culty sub-scale on pre-SATS
– β16 ∼ Normal(0, 100)
 Post-effort model:
– Xijk,Pre-effort - standardized average score of the 4 questions from effort
sub-scale on pre-SATS
– β16 ∼ Normal(0, 100)
 Post-interest model:
78
– Xijk,Pre-interest - standardized average score of the 4 questions from interest
sub-scale on pre-SATS
– β16 ∼ Normal(0, 100).
3.7.6 Posterior Distributions
Each model was run with the following values: an adaption period of 10,000; burn-in
period of 200,000; one million iterations; thinning of five; and three chains. After each
model was run with these arguments, chain convergence diagnostics were examined.
According to Brooks and Gelman (1998), “effective convergence of Markov chain
simulation has been reached when inferences for quantities of interest do not depend
on the starting point of the simulations” (p. 435). Trace plots and the Gelman-Rubin
statistic (Gelman & Rubin, 1992) were considered. The Gelman-Rubin convergence
diagnostic (the potential scale reduction factor; PSRF) compares the between and
within chain variation, and values close to one for all parameters indicates that the
chains are close to the target distributions (Brooks & Gelman, 1998). Auto-correlation
within each chain was also examined through plots.
After the diagnostics were examined and convergence was indicated for each pa-
rameter, all simulated samples after burn-in and thinning from the three chains were
merged into a single chain. The mean of the posterior distribution and 95% equal-




This chapter contains the results of this study. In the first four sections, results from
the analyses described in Chapter 3 are presented. Posterior summaries of term-level
intercepts and precisions or variances for each model are in Appendix D. Section 6
provides a discussion of these results and limitations of this study.
4.1 Course Performance Results
In the analysis for course performance (as measured by final grades), 149 participants
were included from Fall 2018, Spring 2019, Fall 2019, and Fall 2020. Chain conver-
gence was examined visually through the trace and auto-correlation plots, and these
plots indicated satisfactory convergence. Further, chain convergence was indicated
using the PSRF since the PSRFs had estimate of less than 1.05 for each parameter
(Gelman & Rubin, 1992).
Summary statistics of the posterior distributions for the mean of the control (δ),
intervention effect (ψ), and between-term variability (τ) on the model scale are pre-
sented in Table 4.1. Based on the 95% credible interval for the intervention effect,
there does not appear to be a difference in course performance for students who were
enrolled in the intervention compared to those who were enrolled in the control. Refer
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to Table D.1 for posterior summaries of additional term-level parameters.




Table 4.1: Posterior means and 95% credible intervals for term-level parameters in
the course performance model
Summary statistics of the posterior distributions for the slope coefficients of the
student-level covariates for the course performance model are provided in Table 4.2.
There are only three variables that appear to be strongly related to course perfor-
mance: self-directedness, GPA, and the modified pre-CAOS score. Each of these
variables have a 95% credible interval that lies entirely above 0, which suggests that
these factors are positively associated with course performance. This means that
students with higher GPAs had higher course performance, on average, assuming all
other factors were held constant. Similarly, student who perceived themselves as more
self-directed tended to have higher performance. Lastly, students who came into the
course with more statistical knowledge (i.e., higher pre-CAOS score) tended to have
higher overall performance in the course.
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Posterior Mean 95% Credible Interval
Online learning efficacy -0.009 (-0.114,0.095)
Self-directedness 0.142 (0.047,0.237)
Peer interactions 0.044 (-0.067,0.155)
Interactivity behaviors 0.013 (-0.113,0.140)
Engagement 0.104 (-0.020,0.228)
Active learning behaviors -0.029 (-0.149,0.091)
Age 0.022 (-0.069,0.126)
Earned credits 0.022 (-0.066,0.112)
Study hours -0.029 (-0.105,0.051)
GPA 0.278 (0.194,0.363)
Female -0.093 (-0.264,0.071)
English first language -0.099 (-0.435,0.209)
Work hours -0.010 (-0.088,0.068)
Previous online course(s) 0.112 (-0.145,0.358)
Modified pre-CAOS 0.199 (0.106,0.290)
All slope coefficients for quantitative variables are standardized.
Table 4.2: Posterior means and 95% credible intervals for the slope coefficients in the
course performance model
4.2 Satisfaction Results
There were 151 participants included from Fall 2018, Spring 2019, Fall 2019, and Fall
2020 in the model for student satisfaction. Again, chain convergence was examined
visually through the trace plots and auto-correlation plots, and PSRFs were also
calculated. All these diagnostics indicated satisfactory chain convergence for each
parameter.
Table 4.3 presents posterior summaries of term-level parameters for the satisfac-
tion model. The posterior mean satisfaction for the control (δ) is approximately 3.3.
The posterior mean of the intervention effect is estimated to be approximately 0.011,
with a 95% credible interval of (−0.7, 0.898). Thus, there does not appear to be an
effect of the intervention on students’ satisfaction with the course. Refer to Table D.2
for posterior summaries of additional term-level parameters.
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Table 4.3: Posterior means and 95% credible intervals for term-level parameters in
the satisfaction model
Table 4.4 presents the posterior summaries of the slope coefficients for the student-
level covariates. There are several factors that appear to be positively related to
satisfaction: online learning efficacy, interactivity with peers provided by course de-
sign, engagement, and GPA. First, this means that, on average, as students’ beliefs
in online learning increased their satisfaction with the course increased, assuming all
other factors remained the same. Additionally, as students perceived that the course
design and delivery provided more peer interactions, they tended to be more satisfied
with the course. Similarly, as students felt more engaged in the course, they tended
to be more satisfied as well. Lastly, students who had higher GPAs also tended to be
more satisfied with the course.
There are two factors that appear to be negatively related to satisfaction. The
first is the typical number of hours that students studied for the class. On average,
students who studied more tended to be less satisfied with the course, assuming all
other factors remained constant. The second is active learning behaviors. Students
who implemented more active learning strategies tended to be less satisfied with the
course.
Note that there are two other factors that may also be related to satisfaction:
self-directedness and the sex of the participants. The 95% credible interval for self-
directedness lies almost entirely above 0. This indicates that there may be a positive
relationship between self-directedness and satisfaction. In contrast, the 95% credible
interval for the indicator variable of sex lies almost entirely below 0. This indicates
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that women may be less satisfied with the course than men.
Posterior Mean 95% Credible Interval
Online learning efficacy 0.300 (0.199,0.401)
Self-directedness 0.087 (-0.003,0.176)
Peer interactions 0.147 (0.049,0.246)
Interactivity behaviors -0.021 (-0.143,0.099)
Engagement 0.354 (0.238,0.470)
Active learning behaviors -0.128 (-0.254,-0.001)
Age 0.001 (-0.070,0.074)
Earned credits 0.062 (-0.019,0.143)
Study Hours -0.139 (-0.230,-0.050)
GPA 0.125 (0.038,0.213)
Female -0.164 (-0.331,0.004)
English first language 0.133 (-0.155,0.423)
Work hours 0.015 (-0.063,0.093)
Previous online course(s) -0.019 (-0.277,0.235)
Modified pre-CAOS -0.009 (-0.095,0.077)
All slope coefficients for quantitative variables are standardized.
Table 4.4: Posterior means and 95% credible intervals for the slope coefficients in the
satisfaction model
4.3 Perceived Learning Results
The same 151 participant included in the analysis for satisfaction were included in
the perceived learning analysis. Again, chain convergence was examined visually
through the trace plots and auto-correlation plots, as well as through PSRFs. These
diagnostics indicated that the chains convergence was satisfactory for each parameter.
Table 4.5 presents the posterior summaries of select term-level parameters for the
perceived learning model. The posterior mean of the intervention effect is estimated
to be approximately 0, with a 95% credible interval of (−0.7, 0.898). This indicates
that there does not appear to be an effect of the intervention on students’ perceived
learning. Refer to Table D.3 for posterior summaries of additional term-level param-
eters.
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Table 4.5: Posterior means and 95% credible intervals for term-level parameters in
the perceived learning model
In Table 4.6, the posterior summaries are presented for slope coefficients of the
student-level covariates. Similar to the results for satisfaction, both interactivity with
peers and engagement appear to be positively associated with perceived learning. This
means that as students perceived a higher amount of peer interactions provided by
course design and delivery they perceived that they learned more, on average, assum-
ing all other factors were held constant. Similarly, as students perceived themselves
as more engaged in the course, they also tended to believe that they learned more.
There are two factors that appear to be negatively related to perceived learning.
The first is the typical number of hours that students studied for the class, meaning
that students who studied more tended to believe that they learned less in the course.
The second relates to the sex of participants. Women tended to believe that they
learned less than men, on average, when all other factors remained constant.
Note that there is another factor that may also be related to perceived learning:
online learning efficacy. The 95% credible interval for online learning efficacy almost
entirely lies above 0. This indicates that there may be a positive relationship between
online learning efficacy and perceived learning.
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Posterior Mean 95% Credible Interval
Online learning efficacy 0.099 (-0.005,0.202)
Self-directedness 0.050 (-0.042,0.143)
Peer interactions 0.131 (0.029,0.234)
Interactivity behaviors -0.025 (-0.150,0.100)
Engagement 0.583 (0.459,0.708)
Active learning behaviors -0.110 (-0.234,0.014)
Age 0.008 (-0.068,0.084)
Earned credits 0.029 (-0.055,0.113)
Study hours -0.156 (-0.242,-0.073)
GPA 0.066 (-0.023,0.155)
Female -0.167 (-0.330,-0.006)
English first language -0.295 (-0.610,0.022)
Work hours -0.002 (-0.083,0.078)
Previous online course(s) -0.039 (-0.296,0.217)
Modified pre-CAOS 0.044 (-0.038,0.127)
All slope coefficients for quantitative variables are standardized.
Table 4.6: Posterior means and 95% credible intervals for the slope coefficients in the
perceived learning model
4.4 Conceptual Gains Results
4.4.1 Descriptive Statistics
Table 4.7 shows the average pre-test, post-test, and conceptual gain (post-pre) for
sub-scale scores when data from all terms are combined, as well as for the total score.
Students in this study generally performed lowest on the confidence interval sub-scale
on the pre-test (average pre-test score of 34.6%) and tended to show the highest gains
on this sub-scale (mean gain of 28.2%). Students generally performed highest on the
significance sub-scale on the pre-test and post-test (mean score of 60.7% and 79.1%,
respectively) and tended to show the second highest gains on this sub-scale (mean
gain of 18.4%). The smallest gain was observed for the descriptive statistics sub-scale,
with only a 10.3% increase. This is unsurprising since students have likely learned
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about descriptive statistics in other courses. Across all sub-scales (i.e., total gain),
students saw an average gain of 17.4%.
Pre Mean % Post Mean % Mean %
(SD) (SD) (SD)
Data Collection and Scope 50.3 (19.8) 61.4 (21.8) 11.1 (27.3)
Descriptive Statistics 52.8 (23.5) 63.1 (21.6) 10.3 (24.6)
Confidence Interval 34.6 (16.3) 62.8 (26.3) 28.2 (30.0)
Significance 60.7 (20.2) 79.1 (15.7) 18.4 (22.2)
Simulation 39.0 (22.9) 54.1 (20.1) 15.1 (28.0)
Total 49.0 (11.4) 66.3 (14.7) 17.4 (14.8)
Table 4.7: Mean % for the pre-test, post-test, and gains (post-pre) in modified CAOS
sub-scale scores across terms
Table 4.8 shows the average gain in modified CAOS sub-scale scores for each term.
Students in Fall 2019 most frequently saw the highest gains in sub-scale performance
(i.e., for descriptive statistics, confidence interval, and simulation). Fall 2018 had the
highest gain for data collection and scope, and Fall 2020 had the highest gain for
the significance sub-scale. Across all terms and sub-scales, the confidence interval
sub-scale had the highest gain in performance, with an increase in performance of
37% during Fall 2019. The descriptive statistics sub-scale had the lowest gain in
performance, with an increase of only 1.9% during Spring 2019. Fall 2018 had the
lowest total gain (11.7%), and Fall 2019 had the highest total gain (23.1%).
Fall 2018 Spring 2019 Fall 2019 Fall 2020
Data Collection and Scope 14.7 (25.3) 13.5 (26.8) 10.2 (27.2) 7.1 (30.0)
Descriptive Statistics 9.7 (23.5) 1.9 (22.4) 20.8 (22.1) 5.3 (26.5)
Confidence Interval 20.6 (25.4) 23.3 (28.4) 37.0 (34.2) 28.6 (28.2)
Significance 7.9 (19.2) 20.0 (25.7) 21.8 (21.7) 22.6 (20.2)
Simulation 7.1 (33.0) 13.3 (28.0) 20.0 (25.9) 17.9 (24.9)
Total 11.7 (10.7) 15.1 (14.7) 23.1 (14.8) 17.6 (16.1)
Table 4.8: Mean % for the gains (post-pre) in modified CAOS sub-scale scores for
each term
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4.4.2 Factors Influencing Conceptual Gains
There were 146 participants included from Fall 2018, Spring 2019, Fall 2019, and Fall
2020 in the model for conceptual gains (post percentage correct on all 33 questions
- pre percentage correct on all 33 questions) on modified CAOS. Similar to previous
models, chain convergence was deemed satisfactory for all parameters by examining
trace plots, auto-correlation plots, and PSRFs.
Table 4.9 presents the posterior summaries of select term-level parameters for the
conceptual gains model. The posterior mean of the intervention effect is estimated to
be approximately 0.06, with a 95% credible interval of (−0.2, 0.315). Thus, similar to
the previous three models, there does not appear to be an effect of the intervention on
the gains in modified CAOS. Refer to Table D.4 for posterior summaries of additional
term-level parameters.




Table 4.9: Posterior means and 95% credible intervals for term-level parameters in
the gains in modified CAOS model
In Table 4.10, the posterior summaries are presented for slope coefficients of the
student-level covariates for the gains model. There are only two factors that appear
to be strongly and negatively related to gains in modified CAOS. The first is modified
pre-CAOS score. This means that students who scored higher did not have as much
gain in their modified CAOS score during the term, on average, assuming all other
factors remained consistent. This makes sense considering students with a higher
understanding at the beginning of the course had less room to grow. Additionally,
women tended to have lower gains in conceptual understanding than men.
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Note that there are a few other factors that may also be related to conceptual
gains: GPA, interactivity behaviors, and earned credits. The 95% credible intervals
for earned credits and GPA both lie almost entirely above 0, indicating that there
may be a positive relationship between each of these variables and gains in modified
CAOS. In contrast, the 95% credible interval for interactivity behaviors lies almost
entirely below zero, indicating there may be a negative relationship between these
behaviors and gains in conceptual understanding.
Posterior Mean 95% Credible Interval
Online learning efficacy 0.007 (-0.023,0.036)
Self-directedness -0.007 (-0.035,0.021)
Peer interactions 0.015 (-0.014,0.045)
Interactivity behaviors 0.037 (0,0.074)
Engagement -0.009 (-0.041,0.023)
Active learning behaviors -0.007 (-0.043,0.030)
Age -0.011 (-0.034,0.011)
Earned credits 0.023 (0,0.046)
Study hours 0.001 (-0.027,0.029)
GPA 0.025 (-0.001,0.051)
Female -0.049 (-0.097,-0.001)
English first language 0.015 (-0.073,0.102)
Work hours 0.002 (-0.023,0.026)
Previous online course(s) 0.019 (-0.068,0.107)
Modified pre-CAOS -0.071 (-0.099,-0.044)
All slope coefficients for quantitative variables are standardized.
Table 4.10: Posterior means and 95% credible intervals for the slope coefficients in
the gains in modified CAOS model
4.5 Attitudes Toward Statistics Results
In this section, the results from the Survey of Attitudes Toward Statistics are pre-
sented. There was a total of 113 participants from Spring 2019, Fall 2019, and Fall
2020 included in the following analyses. Descriptive statistics of the pre-test, post-
test, and the change in attitudes (post-pre) are first examined for every sub-scale.
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Following the descriptive statistics, the results from the hierarchical models in-
vestigating factors influencing attitudes at the end of the term are examined for each
sub-scale. For each model, chain convergence was examined through trace plots,
auto-correlation plots, and PSRFs. Chain convergence was deemed satisfactory for
each parameter in all models. Since there was only one term in which the control
was implemented (Spring 2019), the primary focus was to understand student-level
factors that influence students’ attitudes at the end of the term; therefore, all poste-
rior summaries for term-level parameters are presented in Tables D.5 through D.10
in Appendix D.
4.5.1 Descriptive Statistics
Table 4.11 shows the average pre-test, post-test, and change in SATS sub-scale scores
for all terms combined. Students across all terms generally had the highest scores
on the effort sub-scale for both the pre- and post-test (mean of 5.982 and 5.659,
respectively). Students generally had the lowest scores on the difficulty sub-scale
(mean of 3.694 and 3.738 for pre- and post-test, respectively). The difficulty sub-scale
was the only sub-scale that had a positive change, meaning that students tended to
find the subject of statistics less difficult at the end of the term than at the beginning.
Effort had a negative change, implying that students ended up putting less effort into
the course than they had anticipated at the beginning of the course. The affect,
cognitive competence, value, and interest sub-scales all decreased during the term,
unfortunately. None of the average change in sub-scores are at least 0.50, though,
indicating none of these changes are practically relevant (Schau & Emmioǧlu, 2012).
Table 4.12 shows the average change in SATS sub-scale scores for each term.
Spring 2019 was the only term where a positive average change occurred for the af-
fect and cognitive competence sub-scales (0.163 and 0.256, respectively). This means
90
Pre Mean Post Mean Change Mean
Affect 3.996 (1.203) 3.924 (1.409) -0.072 (1.053)
Cognitive Competence 4.817 (1.138) 4.779 (1.294) -0.038 (0.845)
Value 5.175 (1.055) 4.830 (1.233) -0.345 (0.852)
Difficulty 3.694 (0.746) 3.738 (0.909) 0.044 (0.793)
Interest 4.648 (1.328) 4.208 (1.594) -0.440 (1.234)
Effort 5.982 (0.694) 5.659 (0.869) -0.323 (0.884)
Table 4.11: Mean for the pre-test, post-test, and change (post-pre) in SATS sub-scale
scores across terms
that students generally had more positive feelings about statistics and belief in their
knowledge of statistics at the end of the course than at the beginning during Spring
2019. Fall 2019 had the largest average decrease in the affect, cognitive competence,
value, and interest sub-scales (decreases of 0.163, 0.163, 0.449, and 0.583, respec-
tively). Unfortunately, the interest sub-scale generally had the largest decrease in
attitude (specifically decreases of 0.583 and 0.507 for Fall 2019 and Fall 2020, respec-
tively), although Fall 2018 did not have quite as large of decrease.
Spring 2019 Fall 2019 Fall 2020
Affect 0.163 (1.133) -0.163 (1.180) -0.149 (0.796)
Cognitive Competence 0.256 (0.813) -0.163 (0.970) -0.123 (0.655)
Value -0.156 (0.698) -0.449 (1.093) -0.372 (0.593)
Difficulty 0.010 (0.936) -0.078 (0.784) 0.214 (0.663)
Interest -0.142 (1.070) -0.583 (1.312) -0.507 (1.250)
Effort -0.175 (0.908) -0.178 (0.790) -0.612 (0.922)
Table 4.12: Mean for the change (post-pre) in SATS sub-scale scores for each term
4.5.2 Post-Affect Results
Summary statistics of the posterior distributions for the slope coefficients of the
student-level covariates for the affect model are provided in Table 4.13. There are
several factors that appear to be strongly and positively related to affect at the end of
the term: their affect toward statistics at the beginning of the term, self-directedness,
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and engagement. Unsurprisingly, on average, students who had more positive feel-
ings about statistics at the beginning of the term had more positive feelings about
statistics at the end of the term, assuming that all other factors were held constant.
Similarly, students who felt more engaged with the course also tended to have more
positive feelings about statistics at the end of the term. Lastly, students who per-
ceived themselves as more self-directed also tended to have more positive feelings
about statistics at the end of the term.
There are also several factors that appear to be strongly and negatively related to
affect at the end of the term. First, on average, females tended to have less positive
feelings about statistics at the end of the term than males, assuming all other factors
were held constant. Similarly, on average, participants whose first language was
English tended to have less positive feelings about statistics than those whose first
language was not English. The last factor that appears to be negatively related to
affect is study hours. That means that students who spent more time studying outside
of class typically had less positive feelings toward statistics at the end of the term.
4.5.3 Post-Cognitive Competence Results
Summary statistics of the posterior distributions for the slope coefficients of the
student-level covariates for the post-cognitive competence model are provided in Table
4.14. There are two factors that appear to be strongly and positively associated with
students’ beliefs in their knowledge and skills of statistics at the end of the course.
The first is their beliefs in their cognitive competence at the start of the term. Stu-
dents who had more positive beliefs in their cognitive competence at the start the
term had more positive beliefs in their cognitive competence at the end of the term,
on average, assuming all other factors remained constant. Similarly, students who
perceived themselves as more self-directed also tended to have more positive beliefs
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Posterior Mean 95% Credible Interval
Online learning efficacy 0.026 (-0.189,0.244)
Self-directedness 0.322 (0.135,0.506)
Peer interactions -0.004 (-0.206,0.200)
Interactivity behaviors -0.029 (-0.263,0.203)
Engagement 0.359 (0.109,0.611)
Active learning behaviors -0.061 (-0.303,0.183)
Age 0.006 (-0.117,0.127)
Earned credits 0.145 (-0.018,0.310)
Study hours -0.347 (-0.523,-0.169)
GPA -0.026 (-0.213,0.164)
Female -0.649 (-0.990,-0.306)
English first language -0.842 (-1.461,-0.235)
Work hours -0.050 (-0.199,0.098)
Previous online course(s) 0.198 (-0.236,0.637)
Modified pre-CAOS 0.064 (-0.097,0.223)
Pre-affect 0.626 (0.465,0.783)
Slope coefficients for quantitative variables are standardized.
Table 4.13: Posterior means and 95% credible intervals for the slope coefficients for
the post-affect model
in their cognitive competence of statistics at the end of the course as well.
There are two factors that appear to be negatively associated with students’ beliefs
in their knowledge and skills of statistics at the end of the course. First, similar to
the affect model, on average, females tended to have less positive beliefs in their
knowledge and skills of statistics at the end of the term than males. Additionally,
students who spent more time studying outside of class typically had less positive
beliefs in their cognitive competence of statistics at the end of the term.
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Posterior Mean 95% Credible Interval
Online learning efficacy -0.084 (-0.274,0.110)
Self-directedness 0.346 (0.176,0.512)
Peer interactions 0.059 (-0.123,0.239)
Interactivity behaviors -0.013 (-0.216,0.190)
Engagement 0.141 (-0.079,0.362)
Active learning behaviors 0.053 (-0.159,0.264)
Age -0.009 (-0.112,0.096)
Earned credits 0.086 (-0.060,0.235)
Study hours -0.255 (-0.414,-0.093)
GPA 0.098 (-0.071,0.269)
Female -0.379 (-0.690,-0.062)
English first language -0.349 (-0.876,0.176)
Work hours 0.077 (-0.061,0.210)
Previous online course(s) 0.078 (-0.312,0.464)
Modified pre-CAOS 0.087 (-0.055,0.229)
Pre-cognitive competence 0.742 (0.594,0.888)
Slope coefficients for quantitative variables are standardized.
Table 4.14: Posterior means and 95% credible intervals for slope coefficients in the
post-cognitive competence model
4.5.4 Post-Value Results
Based on summary statistics in Table 4.15, both engagement and students’ beliefs in
the value of statistics at the start of the term appear to be positively associated with
students’ perception of the value of statistics at the end of the class. This means
that, on average, students who perceived statistics as more useful and relevant at the
beginning of the term also saw more relevance and usefulness in statistics at the end
of the term, assuming all other factors remained the same. Similarly, students who
felt more engaged with the course also tended to perceive statistics as more valuable
at the end of the term.
There are also several factors that appear to be negatively related to students’
perceived value at the end of the term: the number of hours students study outside
of class and whether their first language is English. First, on average, students who
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spent more time studying outside of class perceived statistics as less valuable at the
end of the term. Similarly, participants whose first language was English tended to
believe statistics was less valuable in their professional and personal lives than those
whose first language was not English.
Posterior Mean 95% Credible Interval
Online learning efficacy -0.037 (-0.230,0.160)
Self-directedness -0.073 (-0.235,0.087)
Peer interaction 0.095 (-0.092,0.283)
Interactivity behavior 0.032 (-0.187,0.249)
Engagement 0.370 (0.141,0.599)
Active learning behaviors -0.112 (-0.339,0.113)
Age -0.030 (-0.139,0.080)
Earned credits 0.050 (-0.099,0.200)
Study hours -0.208 (-0.378,-0.036)
GPA -0.041 (-0.214,0.133)
Female -0.151 (-0.456,0.159)
English first language -0.606 (-1.152,-0.060)
Work hours 0.023 (-0.117,0.161)
Previous online course(s) 0.165 (-0.238,0.566)
Modified pre-CAOS 0.082 (-0.069,0.236)
Pre-value 0.750 (0.601,0.896)
Slope coefficients for quantitative variables are standardized.
Table 4.15: Posterior means and 95% credible intervals for slope coefficients in the
post-value model
4.5.5 Post-Difficulty Results
Summary statistics of the posterior distributions for the slope coefficients of the
student-level covariates for the post-difficulty model are provided in Table 4.16. There
is only one factor that appears to be positively associated with students’ perception
of the difficulty of statistics at the end of the course, which is students’ perception of
the difficulty at the beginning of the course. This means that, on average, students
who perceived statistics as easier at the beginning of the term also perceived statistics
as easier at the end of the term, assuming all other factors were held constant. There
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is also one factor that appears to be negatively related to post-difficulty scores: work
hours. Students who worked more hours at their place of employment each week
tended to perceive statistics as more difficult at the end of the course, on average.
Posterior Mean 95% Credible Interval
Online learning efficacy 0.198 (-0.017,0.413)
Self-directedness 0.060 (-0.129,0.248)
Peer interactions 0.025 (-0.183,0.232)
Interactivity behaviors 0.004 (-0.237,0.244)
Engagement -0.036 (-0.295,0.225)
Active Learning Behaviors -0.043 (-0.287,0.203)
Age 0.018 (-0.116,0.153)
Earned credits 0.162 (-0.007,0.332)
Study hours -0.084 (-0.251,0.080)
GPA -0.060 (-0.242,0.124)
Female -0.029 (-0.367,0.304)
English first language -0.182 (-0.834,0.458)
Work hours -0.170 (-0.322,-0.015)
Previous online course(s) -0.077 (-0.538,0.377)
Modified pre-CAOS 0.072 (-0.088,0.230)
Pre-difficulty 0.496 (0.336,0.655)
Slope coefficients for quantitative variables are standardized.
Table 4.16: Posterior means and 95% credible intervals for slope coefficients in the
post-difficulty model
4.5.6 Post-Effort Results
Posterior means and 95% credible intervals for the slope coefficients of the student-
level covariates are provided in Table 4.17. There are three variables that appear to be
strongly related to students’ post-effort scores: peer interaction, engagement, and pre-
effort score. To begin, pre-effort score appears to be positively related to post-effort
score. This means that, on average, students who expected to put forth more effort
to learn statistics at the beginning of the term tended to perceive that they had put
forth more effort at the end of the term, assuming all other factors were held constant.
Similarly, engagement was positively associated with post-effort. That means that, on
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average, students who felt more engaged with the course perceived that they had put
forth more effort in the course. In contrast, students’ perceptions of their interactions
with peers provided by course design and delivery appears to be negatively related
to post-effort. This means that students who had higher perceptions of their peer
interactions provided by course design typically believed that they put forth less effort
to learn statistics during the term.
Posterior Mean 95% Credible Interval
Online learning efficacy 0.028 (-0.185,0.238)
Self-directedness 0.137 (-0.056,0.330)
Peer interaction -0.247 (-0.448,-0.045)
Interactivity behaviors 0.133 (-0.106,0.373)
Engagement 0.291 (0.027,0.556)
Active learning behaviors 0.076 (-0.166,0.315)
Age 0.028 (-0.120,0.174)
Earned credits -0.007 (-0.172,0.157)
Study hours 0.036 (-0.103,0.180)
GPA -0.060 (-0.226,0.105)
Female 0.110 (-0.182,0.403)
English first language -0.042 (-0.699,0.626)
Work hours 0.002 (-0.160,0.161)
Previous online course(s) -0.170 (-0.623,0.279)
Modified pre-CAOS -0.008 (-0.153,0.137)
Pre-effort 0.190 (0.025,0.357)
Slope coefficients for quantitative variables are standardized.
Table 4.17: Posterior means and 95% credible intervals for slope coefficients in the
post-effort model
4.5.7 Post-Interest Results
Posterior means and 95% credible intervals are provided in Table 4.18 for the slope
coefficients of the student-level covariates. There are a couple of factors that appear
to be strongly and positively related to student interest at the end of the term: pre-
interest and engagement. On average, students who had more interest in statistics at
the beginning of the term also had more interest in statistics at the end of the term,
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assuming that all other factors remained the same. Similarly, students who felt more
engaged with the course tended to have more interest in statistics at the end of the
term.
There are also several factors that appear to be strongly and negatively related
to post-interest. First, on average, females tended to have less interest in statistics
at the end of the term than males. Similarly, on average, participants whose first
language was English tended to have less interest in statistics at the end of the term
than those whose first language was not English. Lastly, the number of study hours
also appears to be negatively associated with post-interest. That means that students
who spent more time studying outside of class typically had less interest in statistics
at the end of the term.
Posterior Mean 95% Credible Interval
Online learning efficacy 0.137 (-0.154,0.424)
Self-directed 0.055 (-0.211,0.320)
Peer interactions 0.207 (-0.075,0.488)
Interactivity behaviors 0.005 (-0.322,0.332)
Engagement 0.548 (0.183,0.921)
Active learning behaviors -0.210 (-0.545,0.123)
Age -0.015 (-0.197,0.169)
Earned credits 0.148 (-0.083,0.378)
Study hours -0.260 (-0.479,-0.046)
GPA 0.031 (-0.211,0.273)
Female -0.493 (-0.918,-0.069)
English first language -0.965 (-1.841,-0.100)
Work hours -0.055 (-0.275,0.167)
Previous online course(s) 0.025 (-0.598,0.652)
Modified pre-CAOS 0.196 (-0.028,0.417)
Pre-interest 0.590 (0.340,0.836)
Slope coefficients for quantitative variables are standardized.




In the following sub-sections, the results for each research question are discussed.
4.6.1 Research Question 1
Recall the first research question: is there a relationship between increased instructor-
student interactions and student outcomes? Based on the analyses for course perfor-
mance, satisfaction, perceived learning, and conceptual gains, there does not appear
to be an effect of increasing instructor-student interactions on student outcomes.
Thus, it does not appear that the increased support of social, cognitive, and teaching
presence had an impact on these student outcomes.
Previous research has found positive correlations between each of the presences
(cognitive, social, and teaching) and satisfaction and perceived learning (e.g., Akyol
& Garrison, 2008; Maddrell et al., 2017); therefore, these results appear inconsistent
with previous results. However, it is important to note that this study was only con-
ducted during four terms, so the intervention and control each only had two distinct
units of analysis. Therefore, it is likely that there was a relatively low probability of
finding a difference in student outcomes between the control and intervention even if
there was actually a difference between the two.
There are an additional two aspects that may have impacted these results. First,
the instructors of the course collaboratively designed the course with a professional
instructional designer, who was already cognizant of including these types of pres-
ences. It is possible that the initial design of the course (i.e., the ‘control’) already
provided strong support of the community of inquiry. Thus, the intervention may
have been unnecessary, as the community of inquiry within the course was already
sufficient.
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Second, it is possible that the intervention may have only weakly supported the
community of inquiry in the course, and students could have chosen to disregard com-
ponents of the intervention. For example, review sessions were optional. A majority
of students did not attend these sessions; less than 20% of students usually attended
at least one review session per exam. The review sessions provided an opportunity
for students to think critically about the statistical content, in addition to allowing
the instructors to provide some direct instruction in real-time. Therefore, students
who did not attend these sessions may have missed opportunities to be cognitively
present, as well as experience the instructors’ teaching presences. Additionally, many
weekly emails went unanswered. These emails provided opportunities for students
and instructors to self-disclose by discussing life outside of school and use humor.
Thus, when students did not respond to these messages, they missed opportunities
to support their social presence. Similarly, students who received targeted emails
often did not respond. If students did reply to the email, students rarely reached out
for additional help or changed their behaviors. Thus, this teaching presence did not
appear to impact student behaviors. Lastly, while the Zoom Meeting Assignment was
graded, there were always some students both semesters who did not attend these
meetings, and these students missed an opportunity to meet the instructor, learn
useful features of Zoom, and start developing their social presence. Thus, based on
observations, it is possible that the intervention only weakly supported the CoI frame-
work. A different intervention with stronger support for the Community of Inquiry
model may have a positive impact on student outcomes, and this is an avenue that
should be examined in the future.
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4.6.2 Research Question 2
Recall the second research question: is there a relationship between student char-
acteristics, student behaviors and perceptions, and instructional characteristics and
student outcomes?
To begin, self-directedness appears to be positively associated with several out-
comes: course performance, post-affect, and post-cognitive competence. Similar
to Joosten and Cusatis (2020), there was not an association found between self-
diretedness and satisfaction or perceived learning. The association between self-
directedness and course performance aligns with results from some previous studies
(e.g., Bernard et al., 2004; Roblyer et al., 2008) but not others (Joosten & Cusatis,
2020). However, Joosten and Cusatis argued that the survey used to measure self-
directedness should be investigated further, and this study used the same instrument
as Joosten and Cusatis used.
Online learning efficacy only appears to be strongly and positively associated
with students’ satisfaction, although it may also be associated with perceived learn-
ing. There does not appear to be a relationship between online learning efficacy and
measures of student learning (e.g, conceptual gains and course performance). Some
results are inconsistent with previous research (Joosten & Cusatis, 2020). Joosten
and Cusatis found online learning efficacy to be related to course performance, in
addition to satisfaction and perceived learning. Suggesting instructional methods de-
signed to improve students’ beliefs about online learning is challenging. As Joosten
and Cusatis argued, changing students’ beliefs is often more difficult than changing
students’ behaviors.
Interactivity with peers provided by course design and delivery was found to be
positively associated with both perceived learning and satisfaction but negatively
101
associated with effort that students exerted during the course. This means that
students who perceived that they had more opportunities to interact with peer tended
to perceive they learned more and were more satisfied; however, they also tended to
perceive that they exerted more effort in the course. Previous research has found
quite mixed results on the relationship between interactivity with peers and course
outcomes (e.g., Joosten et al., 2019; Sher, 2009); however, the results of this study
appear to closer align with Sher’s (2009) results for perceived learning and satisfaction.
Interestingly, students’ perceptions of their own interactivity behaviors– with both
peers and instructors– does not appear to affect any of the outcomes, although it may
be negatively associated with students’ conceptual gains. Similarly, active learning
behaviors only appear to be negatively associated with their satisfaction. Future
studies should investigate further students’ perceptions of their behaviors in relation
to their outcomes.
Engagement appears to be positively associated with many outcomes: satisfaction,
perceived learning, post-affect, post-value, post-effort, and post-interest. This indi-
cates that as participants felt more emotionally engaged they tended to believe they
had learned more, exerted more effort to learn statistics, and were more satisfied with
the course. Additionally, they also had more positive feelings toward statistics and
were more interested in statistics at the end of the course, as well as perceiving more
value in statistics as a subject, on average. One potential implication is that instruc-
tors should try to choose and deliver activities and content that are interesting and
challenging to their students. An interesting observation is that every outcome that
engagement is associated with is a self-reported perspective and belief; engagement
does not appear to be related to either of the measures of learning (i.e., performance
or conceptual gains). Further research should investigate the relationship between
engagement and learning.
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The modified pre-CAOS score only appeared to be related to measures of learning,
specifically positively related to course performance and negatively related to gains
in modified CAOS score. This indicates that those who knew more statistics coming
into the course tended to perform higher overall in the course; however, they did not
gain as much during the term. This may be due to a ceiling effect of the test. Chance
et al. (2016) found a similar relationship between the pre-CAOS and gains for another
version of the modified CAOS.
The typical number of study hours in a week appears to be negatively associated
with satisfaction, perceived learning, post-affect, post-cognitive competence, post-
value, and post-interest. This indicates that students who reported dedicating more
time outside of class to studying tended to have less positive feelings about the course,
their learning and knowledge, and statistics at the end of the course. Similar to
engagement, every outcome that study hours was associated with was a self-reported
perspective and belief; the number of hours students typically spent studying each
week did not appear to be related to performance or conceptual gains. Interesting,
the typical number of hours spent working for an employer was only found to be
negatively related to students’ perceptions at the end of the course of the difficulty of
statistics, meaning students who worked more tended to perceive statistics as more
difficult.
Several factors related to demographic and student information were found to be
associated with course outcomes as well. To begin, GPA appeared to be positively
associated with course performance and satisfaction, as well as possibly perceived
learning. Other studies within the field of statistics have found similar results for
course performance and GPA (e.g., Johnson & Kuennen, 2006; Rochelle & Dotter-
weich, 2007). Additionally, earned credits may be positively related to conceptual
gains, suggesting that students who were further along in their programs tended to
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have more gains in their understanding during the term. Interestingly, whether a
student had taken an online course before was not found to be associated with any
of the outcome variables.
Women also tended to have less positive attitudes at the end of the course (specif-
ically related to affect, cognitive competence, and interest), as well as less perceived
learning, conceptual gains, and possibly satisfaction. Women were, however, not
found to have different course performance than men. Some of these results were
consistent with previous research (e.g., women tended to have lower affect and cog-
nitive competence in van Es and Weaver’s (2018) study); however, one study found
that women tended to have higher performance than men (Johnson & Kuennen,
2006). Future studies should incorporate inclusive gender identities and investigate
the association between outcomes and gender identity.
Lastly, participants whose first language was English generally had lower affect,
value, and interest in statistics at the end of the course. It is important to note
that there were relatively few participants in the study whose first language was not
English; therefore, this should be investigated further with a more diverse sample.
4.6.3 Research Question 3
Recall the third research question: do students’ attitudes toward statistics change
between the beginning and end of the term? Considering the descriptive statistics for
changes in attitudes averaged over all terms, participants in this study generally had
less positive feelings toward statistics, saw less value and had less interest in statistics,
and had less belief in their knowledge and skills of statistics at the end of the term
than at the beginning. Students did, however, find statistics less difficult by the
end of the course and put less effort into learning statistics than they had expected.
None of these changes appear to be practically important, though as all the changes
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were fairly small (less than half a point change). The results for the affect, cognitive
competence, value, and difficulty follow similarly to previous studies (e.g., Gundlach
et al., 2015; Schau & Emmioǧlu, 2012; Swanson et al., 2014). Previous studies have
found a change in the effort and/or interest sub-scales (Gundlach et al., 2015; Schau
& Emmioǧlu, 2012; Swanson et al., 2014), though the observed averages or medians
for the changes are not far from being practically important in these studies.
It is interesting to examine the average of the change for individual terms. Stu-
dents in the intervention terms tended to have more negative changes in their attitudes
compared to those in the control term. For example, students had less positive feel-
ings concerning statistics at the end of the term than at the beginning in Fall 2019
and Fall 2020, on average; however, students tended to have more positive feelings at
the end of the term than at the beginning for Spring 2019. It is important to note
that Fall 2018 had to be excluded from this analysis so only one term was included for
the control in these descriptive statistics. Thus, it is unclear why this term appears to
have more positive changes; however, this may just be due to between-term variation
and unrelated to the teaching method.
An important aspect to consider about this study is the time of administration
for the pre-SATS. Because of the high number of students who added the course late
(i.e., during the first six days of the term), the pre-SATS was typically administered
during the second week of courses and due during the third week of courses. Thus, it
is possible that a student completed two entire weeks of the term before completing
the pre-SATS. Previous studies have shown a difference in students’ attitudes when
administering the pre-test before the first day compared to after the first day (Posner,
2014); therefore, it is possible that students attitudes toward statistics on or before
the first day of class may have been different than their attitudes during the second
or third week of classes.
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Overall, the results for attitudes in this study are not optimal but not all that
unexpected. Students’ attitudes did not seem to improve, and some seemed to worsen.
Additional research is needed to identify predictors that influence change in attitudes
during the term to try to design courses that improve attitudes.
4.6.4 Limitations
In addition to the limitations discussed above, there are several other limitations to
consider. To begin, participants were not randomly sampled. Students chose to take
this online course, and participation in the study was optional. Students also had to
decide whether they wanted to volunteer early in the term.
Even further, students who volunteered and were under the age of 19 at the start
of the term were excluded, and many additional participants did not complete the
entire study or had missing or inaccurate information and were excluded. There were
only 151 participants who were included in at least one analysis, meaning only about
55% of participants in the initial sample of 277 participants were included. While it
is unknown why participants did not complete the entire course or had missing data,
it is quite possible that the participants included in this study are not representative.
Therefore, the results of this study cannot be generalized to University of Nebraska-
Lincoln students who enroll in online Statistics 218 in other terms and sections.
Expanding upon the previous limitation, this study was only conducted at the
University of Nebraska-Lincoln between Fall 2018 and Fall 2020. Therefore, it is
unknown if the results of this study would be consistent for other simulation-based
introductory statistics courses at other institutions. Further studies should be con-
ducted at other institutions to see if results are consistent for other populations of
students.
It should also be noted that one of the terms in which the intervention was im-
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plemented was during the height of the COVID-19 pandemic – Fall 2020. During
this term, there were likely many external factors impacting participants that did not
impact participants in previous terms such as mental and physical health challenges,
quarantining, increased enrollment in other online courses, atypical college living sit-
uations, and internet connectivity issues. Since this was not a controlled study and
these unusual external factors were present, it is impossible to understand how the
pandemic impacted the results of this study. Additionally, the dramatic shift in edu-
cation that occurred because of the pandemic may have a lasting impact on students,
instructors, and institutions; therefore, it is important to conduct future studies to
see if the results remain consistent.
Lastly, the overall gains in the modified CAOS are concerningly high compared
to other studies. For example, when averaging over all terms, the observed gain in
this study was 17.4%, whereas other studies have found gains around 8% to 9% for
other versions of the CAOS (Chance et al., 2016; delMas et al., 2007). One possible
explanation for this is that the questions to the modified CAOS were uploaded and
answered on a homework assistant website. It is unknown when these questions were
posted and answered on the website, but it is plausible that some participants utilized
this website when completing their post-test. It is possible that participants also
sought the answers for the pre-test; however, I believe this is unlikely since students




My study provided an example of a design of an online, simulation-based introduc-
tory statistics course. Through the asynchronous delivery of the course, I collected
data during several terms. The primary aim of my study was to understand factors
that influenced student outcomes. One specific factor of interest was an intervention
designed to support the community of inquiry within the course. Using Bayesian
hierarchical models, there was no evidence that the intervention influenced student
outcomes; however, there were only two terms in which the intervention was imple-
mented (i.e., very small sample size).
There were a variety of self-reported factors that appeared to influence various
outcomes, however. One factor that positively influenced many of the outcomes (e.g.,
satisfaction with the course, perceived learning, and feelings concerning statistics)
was students’ emotional engagement; therefore, one possible implication is that in-
structors should be mindful when selecting and delivering the activities and strive to
incorporate interesting, challenging, and active content.
The secondary aim of this study was to understand whether students’ attitudes
toward statistics change during the term. Based on descriptive statistics from three
terms, the average change was not at least 0.50 on any of the sub-scales; therefore, it
does not appear that any practical changes in attitudes occurred.
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Upon reflecting on the design and delivery of the course, there are several features
that I will implement in future online introductory statistics courses. The first is
the frequent due dates. I believe this encourages students to be engaged with course
material frequently and allows the instructors to provide frequent formative assess-
ment feedback. I appreciated the varying types of formative assessment feedback
(e.g., selectively grading questions and video recaps of the assignments). I plan to
use these in the future, along with potentially providing voice or video feedback on
each student’s assignment. Additionally, I believe the discussion boards can be useful
for online courses; however, students rarely answered their peers’ questions. In the
future, I plan to strive to encourage more involvement from students on these boards.
Additionally, while there may not be evidence of an effect of the intervention,
there are aspects of the intervention that I value and will include in online courses
that I teach in the future. The first is the weekly emails. These emails provide an
opportunity to get to know students non-academically, while also allowing students to
see the instructors as real people. I will also incorporate review sessions; these provide
an opportunity for students to ask questions they may not ask otherwise and address
challenging topics, which often lead to fruitful conversations. Lastly, I will incorporate
targeted emails, although I will restructure the emails. During this study, there were
students who had lower performance but high participation; therefore, they did not
receive a targeted email. I plan to send targeted emails to all students below a certain
performance and create separate messages based on their level of participation in the
future. While I plan to incorporate these components of the intervention in future
online courses, I do realize that there are students who may disregard these elements
so I may not reach all students. However, I value these components and believe that
these features are valuable for some students.
One of the most fundamental limitations of the study is that this research was
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only conducted at a single institution (i.e., University of Nebraska-Lincoln) and on a
single course (i.e., Statistics 218) between Fall 2018 and Fall 2020. All institutions and
instructors teach introductory statistics differently; therefore, I believe research should
next examine factors influencing student outcomes in simulation-based introductory
statistics courses across multiple institutions and instructors. This future study may
help the statistical community create recommendations for designing and delivering
online simulation-based introductory statistic courses.
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A.1 First Targeted Email
Targeted email for those who did not take the quiz entirely:
Hello ,
I am reaching out to you today because you did not complete Quiz 1, which
was due Wednesday (1/29) at 8 AM. I want to check-in with you about this
semester. A missing quiz can be overcome, and I strongly encourage you to go
back and complete this quiz and any missed assignments for your own practice.
These will help you better prepare for the upcoming exam. Feel free to set up
an appointment with me or any one of the instructors to discuss any questions
you have related to the assignments or quiz.




Targeted email for those who scored below 70% on the quiz and had less than an 80%
on-time competition rate in the course:
Hello ,
I am reaching out to you today to touch base with you about STAT 218. I
noticed that you have several missing or late assignments. We have seen that
students who complete assignments on time tend to be more successful in the
course. For the assignments you missed, I strongly encourage you to go back and
work through these for your own practice. These will help you better prepare
for the upcoming exam. Feel free to set up an appointment with me or any one
of the instructors to discuss any questions you have related to the assignments
or quiz.
Please let us know if you have any questions or concerns.
Thank you,
Ella Burnham
A.2 Second Targeted Email
Hello ,
I am reaching out to you today to touch base with you about STAT 218.
I noticed that you have several missing or late assignments. We have seen
that students who complete assignments on time tend to be more successful in
the course. For the assignments you missed, I strongly encourage you to go
back and work through these for your own practice. These will help you better
prepare for the upcoming quiz (Quiz 2 due on ). Feel free to set up
an appointment with me or any one of the instructors to discuss any questions
you have related to the assignments or course material.
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Please let us know if you have any questions or concerns.
Thank you,
Ella Burnham
A.3 Third Targeted Email
Hello ,
Based on your current grade in STAT 218, we are worried about your success
in the course. It is not too late to ensure that you will be successful in STAT
218! However, this depends on your engagement with the course material going
forward. Please reach out to us if you would like to meet. We are always happy
to answer questions and work with you. We want you to be successful, and your






Below is the informed consent provided to students. The informed consent in Fall
2018 and Spring 2019 did not contain any of the italicized text. The italicized text
without the underline was added for participants in Fall 2019, and the italicized text
with the underline was added for participants in Fall 2020.
Because you are a student in an online Statistic 218 course, we invite you to
participate in a research study investigating online learning of statistics. The
purpose of this research is to identify and evaluate effective course and insti-
tutional practices. We aim to use what is learned to improve this course. As
compensation for participating, you will receive two percentage points of extra
credit that counts towards your final grade.
You will complete activities that are strictly research surveys regarding your
attitude towards statistics and experiences in the online course. These surveys
will be completed through Qualtrics and are estimated to take approximately
an hour and half to complete. Qualtrics privacy policy can be found at the
following URL: https://www.qualtrics.com/privacy-statement/
Additionally, this form requests consent to use required course activities in
research. These activities are your second exam score and CAOS tests. These
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activities will be completed through Canvas. This form requests consent to use
your final grade in research. Additionally, this form requests consent to use
questions on an end-of-semester group evaluation form administered through
Qualtrics. This form also requests access to use to data analytics available to the
instructor through Canvas in research. These analytics focus on participation,
instructor interactions, page and video views, timeliness of assignments, and
time spent on Canvas.
If you choose to not participate but would like to receive the two percentage
points of extra credit, you may complete a project. This project will consist
of running several analyses and writing a short formal report. You may see
Canvas for more information about alternative project. Completed projects will
be submitted to a UNL instructional designer. She will inform the instructors
who should receive extra credit, but not whether the extra credit is the result
of completing the project or participation in the research.
There are no risks to participating in this study, and all participants must be
19 years of age or older. During the course of the study and for five years follow-
ing the study, any information obtained during this study that could potentially
identify you will be kept strictly confidential. All data will be encrypted. The
information obtained in this study may be published in scientific journals or pre-
sented at scientific meetings. Quantitative data will be reported as aggregated
data, which means no individual will be identified or recognized.
Though we very much hope you’ll help us with this research by participating,
you are free to decline to participate or withdraw at any time. Choosing to
not participate will not have any negative impact on your grade and will not
adversely affect your relationship with the investigators or the University of
Nebraska- Lincoln. If you have questions about the research study, please feel
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free to contact either of the investigators.
Ella Burnham, Principal Investigator
Department of Statistics
Erin Blankenship, Secondary Investigator
Department of Statistics
Or, if you have concerns about the study or questions about being a research
participant, please contact the University of Nebraska-Lincoln Institutional Re-




As an alternative to participating in the study, you may choose to complete the
following project to receive the two percentage point of extra credit to count towards
your final grade. The details for the project are described below.
In this project, you will be required to come up with your own research questions.
The questions must be answered using the following dataset (attached csv data set).
These questions must be different from the questions that are asked and answered in
activities using this dataset throughout the class.









After you have completed the analysis, you will write a formal report. Your report
should consist of the following items:
 Research question
 Importance of research questions (ex: Why do we care? Who would care? Why
did you choose these questions?)
 Description of methods (ex: What tests did you use? Why did you choose these
tests? Specific details on how you carried out the tests?)
 Results (What can we conclude using each test? Do the methods come to the
same conclusion? How can this result be used in the real world?)
 Summary (Summarize your paper. What are the important takeaways?
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Appendix D
Additional Results for Bayesian Hierarchical Models
In the following pages, posterior summaries (mean and 95% credible intervals) are
provided for additional term-level parameters for each model.









Table D.1: Posterior means and 95% credible intervals for additional parameters in
the course performance model









Table D.2: Posterior means and 95% credible intervals for additional parameters in
the satisfaction model
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Table D.3: Posterior means and 95% credible intervals for additional parameters in
the perceived learning model









Table D.4: Posterior means and 95% credible intervals for additional parameters in
the gains in modified CAOS model










Table D.5: Posterior means and 95% credible intervals for additional parameters in
the post-affect model
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Table D.6: Posterior means and 95% credible intervals for additional parameters in
the post-cognitive competence model










Table D.7: Posterior means and 95% credible intervals for additional parameters in
the post-value model










Table D.8: Posterior means and 95% credible intervals for additional parameters in
the post-difficulty model
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Table D.9: Posterior means and 95% credible intervals for additional parameters in
the post-effort model










Table D.10: Posterior means and 95% credible intervals for additional parameters in
the post-interest model
